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Figure 1-1: A schematic representation of the ordering of proteins in a funneled energy landscape.
The structures of c-src SH3 with varying Q are colored according to the degree of local
structural order, Q;, in residue i, ranging from low Q; (orange) to high Q; (blue). The P4 of
each structure is denoted above each protein structure. The regions of the energy landscape
corresponding to the unfolded, the folded, and the transition states based on Q are colored as
yellow, blue, and gray regions, respectively. The free energy with respect to Q (F(Q)) is also
shown 2

Figure 1-2: Schematic representations of protein energy landscapes. For natural proteins, the
protein is globally attracted, or funneled, to a unique native state, leaving a single minimum
whose energy is far less than all others (a). This is in contrast to a random sequence of amino
acids where multiple minima have about equal energies, leading to misfolding and slow kinetics
(b). By evolving sequences that lead to proteins with funneled energy landscapes, proteins very
quickly reach the native state. 6

Figure 1-3: Two independent approaches to computationally study protein folding kinetics. In the
“bottom-up” approach, one starts from detailed quantum calculations of each residue of a
protein to develop parameters for use in a coarse-grained and simple energy function (left).
Simulations from this approach yields an energy landscape that is emergent from first
principles. Alternatively, if one can make a reasonable assumption about the energy landscape
a priori, based on broad experimental observations and analytical arguments, a model that
captures the basic principles of the energy landscape theory can be constructed. In the “top-
down” approach, chemical details are progressively added to the simplest model until it
captures the underlying physics to address the question at hand (right). 10

Figure 1-4: A schematic reflecting the different terms that define a Go-model. The short-range
interaction terms include the bond, angle, and dihedral terms (a-c), which are defined by
harmonic wells whose respective minimum correspond to their values in the native state. The
long-range interactions between two residues that are in native contact (d) are described by a

Lennard-Jones type 10-12 potential. 12
Figure 1-5: A typical trajectory from a Go-type model used in our studies (left) with the
corresponding free energy profile generated using WHAM (right). 13

Figure 2-1: Schematics depicting two possible trajectories of protein folding: (a) a single crossing of
the transition state as predicted by TST on smooth landscapes and (b) multiple crossings of the
transition state in the limiting case of high friction due to ruggedness in a frustrated landscape.

17

Figure 2-2: To ascertain whether a given structure is a member of the transition state ensemble, one
computes its Pg,q by running many independent simulations, each starting from the same
conformation. Its progress is monitored to see whether it reaches the folded state before
reaching the unfolded state. That probability is defined as P4, which is equal to 0.50 (within
statistical error) if it is a member of the transition state ensemble. 18

Figure 2-3: The temperature sensitivity of Pg,q. The specific heat for the folding of c-src SH3 protein
as a function of temperature in units of T;is shown with the average Py, q of the same set of
structures with the same set of initial velocities at different temperatures. 20

Figure 2-4: Structural order parameters selected for evaluation as reaction coordinates. The radius
of gyration, (R,) and fraction of native contacts (Q) are commonly used in the study of protein
folding kinetics. The average shortest path length (<L>) has recently been cited in the
literature as being better than Q. The measure of the structural overlap of the native distances
(Qg) is more precise than Q because it considers not only whether a native contact is made, it
also imposes a Gaussian penalty as the interactions becomes far from its native distance. ........ 25

Figure 2-5: Comparing the TSE obtained from Pg, 4 and the structural reaction coordinates of two-
state folding proteins. (a and b) For both c-src SH3 (a) and CI-2 (b), the free-energy profile
using Q as a reaction coordinate is overlaid with the average Pg,q of structures (with error bars
indicating 1 SD) over the range Q = 0.30-0.80. The putative TSE corresponds to Pg,q =0.50 +
0.10, whereas the TSE predicted by Q is 1kgT from the peak of the free energy profile. (c and d)




The ®-values of the TSE as predicted by Q, Qs, <L >, and R, are compared with the putative
TSE for c-src SH3 (¢) and CI-2 (d). (e and f) The simulated ®-values as calculated using the
aforementioned measures are compared with the experimentally observed ®-values for c-src
SH3 (e) and CI-2 (f). The correlation coefficient, r, and the slope of the best-fit line, m, are used
for quantitative comparisons. 28
Figure 2-6: Comparing the TSE obtained from Pg,q and structural reaction coordinates for 3ANK, a
protein with a broad, asymmetrical free-energy barrier. (a) The free energy profile of 3JANK
using Q as a reaction coordinate is overlaid with the average Pg, 4 of structures (with error bars
indicating 1 SD) over the range Q = 0.30-0.80. (b) The ®-values of the TSE as predicted by Q,
QS, <L>, and R, are compared with the putative TSE. (c) The free energy surface projected
onto the N-terminal (Qn_term) and C-terminal (Qc.term) halves of 3ANK with the unfolded,
transition, intermediate, and folded states indicated for the two competing nucleating routes.
(d) The two clusters of structures in the putative TSE (i.e., Pgq ~ 0.50) are overlaid on the free
energy profile projected onto Qn.term and Qc.term- 30
Figure 2-7: Comparing the TSE obtained from Pg, 4 and structural reaction coordinates for CV-N, a
protein that is simulated to fold with a three-state folding mechanism. (a) The free energy
profile of CV-N using Q as a reaction coordinate is overlaid with the average Py, 4 of structures
(with error bars indicating 1 SD) over the range Q = 0.30-0.80. (b) The free energy profile is
projected onto the N-terminal (Qn_term) and C-terminal (Qc.term) halves of CV-N,
corresponding to the two domains in the protein. (c) The free energy profile is projected onto
Qn-term and the interface between the two domains (Qpyer). (d) The free energy profile is

projected onto Qc.rerm and Qpger- 32
Figure 2-8: A schematic depicting the three possible relationships between Pyg,4 and free energy
profiles for protein systems with two folding transition states. 34

Figure 3-1: The structures and free energy surfaces of folding and binding of obligate, two-state arc
repressor dimer (a-c) and nonobligate, three-state LFBI transcription factor dimer (d-f). The
ribbon diagrams for the dimers consists of one monomer colored blue and the other colored
grey. Red lines indicate native contact interactions that define the interface. The free energy
surfaces are plotted as a function of the intramolecular native contacts (Q, and Qg) and that of
the interface (Qputer). 39

Figure 3-2: The structure and oligomerization mechanism of pS3 tetramer. The ribbon diagrams for
the tetramer (a) consists of a dimer colored two different shades of green and the other colored
two different shades of blue. Yellow lines indicate native contact interactions between the
monomers A and C or B and D, while red lines indicate native contact interactions between
dimers AC and BD. The four-dimensional free energy surface (b) is plotted as a function of the
formation of the dimers AC and BD and the tetramer interface (AC-BD). D and T refer to the
folded dimer and the folded tetramer, respectively. The ®-values for the transition state
ensembles (TSEs) of dimerization and tetramerization as compared with experimentally
observed values. 40

Figure 3-3: The structure of the wildtype Rop homodimer and the hydrophobic core redesign
strategy undertaken by Regan and coworkers. Ribbon diagrams of the Rop dimer are shown
with helices of the monomers colored blue and grey, and the turn region is colored orange (left).
The Rop dimer mutations were introduced by progressively replacing the wildtype residues in
the hydrophobic core with alanine and leucine residues from the middle layers towards the
ends. 43

Figure 3-4: Summary of the kinetic studies of the Rop dimer and mutants with redesigned
hydrophobic cores. The Rop variants can be classified into five classes based on their folding
thermodynamics, binding activity, the dimer topology, and their folding kinetics. Based on the
in vitro activity, it was concluded previously that all the mutants in class I have the anti
topology. The folding rates of the Rop variants were measured at the same final fraction folded
or unfolded. Class II contains the A31P mutant of Rop dimer that adopts the bisecting U
topology. Class III is comprised of mutants that are highly a-helical; however, they completely
lost their ability to bind RNA. The structure of Ala,lle,-6 is the syn topology. The mutants in
classes IV and V are less stable than the WT, and they do not bind RNA. Class IV is comprised

Vi



of proteins which are underpacked (only Ala,Met,-8 forms dimer), and Leuy-8 of class V is an
overpacked protein that was suggested as forming a tetramer. Y, Rop protein that binds RNA;
P, partial active proteins; N, no activity; —, no experimental data are reported...........cccceeeeueee. 45
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ABSTRACT OF THE DISSERTATION

Energy Landscapes for Protein Folding, Binding, and Aggregation:
Simple Funnels and Beyond

by
Samuel Sung-I1 Cho
Doctor of Philosophy in Chemistry
University of California, San Diego, 2007
Professor Peter Wolynes, Chair

The Funneled Energy Landscape Theory is currently the most widely accepted
theory of protein folding. In this dissertation, the basic concepts of the Energy
Landscape Theory are introduced, highlighting some of its major successes in the studies
of protein folding and binding kinetics. In particular, the focus is on an idealized native-
topology based (Go-type) model that corresponds to a perfectly funneled energy
landscape. This simple model has proven to accurately predict the folding mechanism of
many proteins, even when simplifying approximations are made.

While there exists much evidence that models based on perfectly funneled energy
landscapes are sufficient in many cases, there are indications that in other cases the
idealized view needs some added complexity to faithfully represent folding and binding
mechanisms. By exploring experimentally studied systems where the simplest Go-type
models are insufficient, new paradigms and concepts add to our current understanding of

protein folding, binding, and aggregation.
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1. Theory of Protein Folding

The question of how proteins fold into a well-defined native state by
discriminating against countless alternatives is widely recognized to be one of the most
important unsolved mysteries in science. How do proteins find its folded state in a
relatively short time? This seemingly simple question is particularly perplexing when one
considers the inherent complexity of protein molecules. Assuming that the search for the
folded state is random, one can naively estimate that even the simplest proteins should
reach the folded state from the unfolded state on a timescale of an astronomical number of
years when in fact real proteins fold far more quickly. Of course, Nature has already
solved the “protein folding problem”, and She continues to do so in an incredible fraction
of that time, on the order of milliseconds to days. The real problem lies in our own
difficulties in understanding how She repeatedly accomplishes this incredible feat so
elegantly and simply.

Currently, the leading theory of protein folding is that natural proteins have
evolved to have sequences that result in energy landscapes that are globally directed or
“funneled” towards a uniquely structured folded state, while generally discriminating
against misfolded states (1). The folding process is not a sequential list of requisite steps,
but rather, there are many different ways that an unfolded protein can reach the native
state through many competing pathways (Figure 1-1). The Energy Landscape Theory is
the result of both rigorous theoretical analysis and careful experimental observations, and

there is now much evidence to support these basic ideas. Recent work strongly suggests



that even binding mechanisms are encoded into the sequence of proteins (2-4).
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Figure 1-1: A schematic representation of the ordering of proteins in a funneled energy landscape.
The structures of c-src SH3 with varying Q are colored according to the degree of local structural
order, Q,, in residue i, ranging from low Q; (orange) to high Q; (blue). The Py,4 of each structure is
denoted above each protein structure. The regions of the energy landscape corresponding to the
unfolded, the folded, and the transition states based on Q are colored as yellow, blue, and gray
regions, respectively. The free energy with respect to Q (F(Q)) is also shown

1.1 The Dark Ages of Protein Folding

When the term “protein” was first coined in 1838, the importance of these

substances was immediately recognized, largely because of their close connections with



life processes (5). In fact, the word “protein” comes from the Greek word “protos”,
which means “primary” (5). Even today, it is difficult to refrain from being in awe of
how proteins dictate almost every aspect of life processes. Proteins are the building
blocks of the cytoskeleton that gives cells their shapes, they dramatically increase the rate
of biochemical reactions, and they control genetic transcription, just to name a few roles.
Indeed, proteins are critical components of almost all cellular structure and processes.
The failure of a given protein to properly fulfill its function(s) can lead to a host of
diseases and even death. Further, proteins can sometimes fold into an incorrect structure,
leading to Alzheimer’s, Parkinson’s, and variant Creutzfeldt-Jacob disease (6). The
importance of understanding the fundamental framework of protein folding cannot be
overstated.

We have long known that most proteins must fold into a specific and unique
three-dimensional native conformation to perform their functions. In 1961, Christian
Anfinsen demonstrated that when ribonuclease became unfolded via denaturation, it folds
back into its native conformation and preserves its enzymatic activity without the
assistance of any helpers (7). That is, the determinants of protein folding are encoded in
the protein sequence itself. Therefore, the process of protein folding can be naively
described as a thermodynamic search for a given protein’s most stable structure. It was
later discovered by others that some proteins are unable to independently find their native
states, so they require the assistance of chaperones that prevent misfolding (8). There are

still others that seem to have multiple relatively stable states, where one of the states



leads to aggregation and disease (9). However, it is generally accepted that most proteins
falls into the first category.

Although proteins are able to assume their native states in a short time, this
process was feared to be hopelessly complex to understood from a simple theoretical
framework. This notion is reflected in what is now known as “Levinthal’s Paradox”. To
point out the impossibility of a random search in protein folding, in 1969 Cyrus Levinthal
posited an argument similar to the following (10). Let us take a relatively small protein of
about 100 amino acids, with about 10 accessible states per amino acid. That would mean
that the total number of accessible states of the protein is 10'°’. Even if each state takes 1
ps to access, it will take about 10®' years (much, much longer than the age of the
universe!) for the protein to randomly search its conformational space and find its lowest
energy state. Obviously, proteins do not take anywhere near that long to fold or life itself
would never have existed. Therefore, the solution to Levinthal’s Paradox is that protein

folding is not a random search, but a directed and biased one. But how?

1.2 Funneled Energy Landscape Theory of Protein Folding

In the late 1980’s, Wolynes and co-workers introduced a well-defined possible
solution to Levinthal’s paradox (11, 12). Through careful mathematical analyses and
incorporation of general experimental observations of protein folding, Bryngelson and

Wolynes introduced the “principle of minimal frustration”, which states that natural



proteins are the product of evolutionary selection such that the amino acid residues
interact in such a way as to be globally attracted toward the native state (11). Any
interaction that does not contribute towards the native state (i.e. non-native interactions)
is mostly repulsive, providing primarily a frictional influence.  The non-native
interactions that compete with the native interactions are said to be frustrated. By
minimizing frustration and thereby pruning frustrated interactions, evolution has generally
selected against trap states that do not correspond to the native state. A minimally
frustrated protein sequence has an energy landscape that resembles a partially rugged
funnel with a single lowest energy basin that corresponds to the native state (Figure 1-2a),
resulting in relatively fast folding kinetics as expected in natural proteins. In such an
energy landscape, if any misfolded trap state exists, the energy for the misfolded state is
high and the barrier to leave the trap state is very small. On the other hand, a frustrated
amino acid sequence (i.e. a random sequence of amino acids without the benefit of
evolutionary selection) has an energy landscape with multiple minima with energies close
to one another (Figure 1-2b). Due to the competition between each of the low energy
minima with high barriers between them, the protein with the frustrated sequence will
exhibit slow or “glassy” folding kinetics. When the energetic frustration is effectively
removed, the only remaining determinant of protein folding kinetics is the topology of the

protein.



Figure 1-2: Schematic representations of protein energy landscapes. For natural proteins, the
protein is globally attracted, or funneled, to a unique native state, leaving a single minimum whose
energy is far less than all others (a). This is in contrast to a random sequence of amino acids where
multiple minima have about equal energies, leading to misfolding and slow kinetics (b). By
evolving sequences that lead to proteins with funneled energy landscapes, proteins very quickly
reach the native state.

A model that quantitatively captures these Energy Landscape Theory ideas is a
Go-type model (13), which takes the minimal frustration principle further by ideally
assuming that proteins have no frustration. The hypothesis being tested is to determine
whether the level of frustration present in proteins is negligible. In the model, every
amino acid residue pair interacts favorably if the interaction is found in the native state,
and they are repulsive (or not represented at all) otherwise, resulting in a perfectly
funneled energy landscape with no trap states. The concept of a Go-type model is akin to
the ideal gas law in physical chemistry in that it is a simplifying approximate
representation of real systems. It is not clear whether it is even possible for any protein
to have a sequence such that there are no frustrated interactions at all, but this
approximation seems to be a good starting point in that it captures many of the

qualitative, and even quantitative, properties of real proteins (13-15). In the original

lattice Go model and the simplest off-lattice Go-type models, the energies of the



interacting residues were treated equally regardless of the sequence identity of the
interacting residues, making this a purely a topological model in that only the structure of
the native state is used as input to construct a Go-type model (13, 16). Structural
homologues with nearly identical structures do not always exhibit similar mechanisms, so
the validity of this approximation must have some significant limits, as we will explore in
detail later (see Chapter 5). Further, the presence of misfolded intermediates in the
folding mechanism is not represented at all. Despite the incredible simplicity, Go-type
models have proven for numerous proteins to reliably predict whether the folding
mechanism involves an intermediate (13), the folding rate (15), and oftentimes the
transition state structure at a residue-level resolution (3, 14, 17), although not always
(14).

Another representation of proteins, based on empirical force fields (18), is
sometimes cited in the literature as being a more “realistic” representation of proteins
because they include non-native interactions that Go-models inherently lack (19).
Developed and optimized to study the dynamics of proteins in the native basin, empirical
force fields are typically constructed by generating many parameters for use in a
relatively simple energy function that is general for any sequence of amino acids. These
parameters are predominantly derived from quantum mechanical calculations, but
experimental quantities from IR or microwave spectra are used whenever possible (18).
The approach is very sensible, and the resulting force fields are often unquestionably

accepted as being an accurate representation of proteins that can generally be applied to



study the entire folding process. However, it is likely that these force fields have
significantly more non-native interactions than are present in natural proteins, resulting in
a rugged energy landscape with trap states that do not actually exist, even for simple
peptides (20). It is further unknown whether all of the significant non-native interactions
are captured by these force fields. At present, it is very difficult to ascertain how well
these empirical force fields perform because simulations of protein folding are
extraordinarily computationally intensive so computational protein folding studies using
these force fields have been limited to small peptides or very small proteins. Further,
these simulations rarely, if ever, are performed long enough to observe more than one
transition, so calculating thermodynamic quantities is extraordinarily difficult (21). Also,
it is not immediately clear how one would “fix” an error in a force field because many, if
not all, of the parameters are dependent on each other, although it is not impossible.
Recently, MacKerell, Feig, and Brooks systematically changed the phi and psi dihedral
angles to reduce the transformations of a-helices to m-helices, which are extraordinarily
rarely observed in nature but observed in simulations far more often than expected (22).
Their work shows that a general improvement to the force field is possible, although it is
certainly not trivial.

Still, there is some evidence that these force fields have some promise in predicting
the folding mechanism of proteins. Pande and coworkers carried out the simulations of
the folding of many “mini-proteins” (i.e., peptides comprised of less than 50 amino acids)

using the Folding@Home distributed computing approach, which takes advantage of idle



computer time of many hundreds of thousands of volunteers (23). While folding
simulations of small peptides (about 30-60 residues) have been carried out using this
brute-force strategy with remarkable success in the prediction of folding rates (24), it is
not clear whether the same can be done for larger proteins. Further, it is not yet clear how
well these simulations reproduce the finer details of protein folding mechanisms. More
studies are necessary to quantify how funneled empirical force fields are, and
improvements must be made to remove unrealistic trap states. The empirical force field
and energy landscape approaches are summarized in Figure 1-3. Clearly, no protein
representation is flawless, and the limits of the various models must be appreciated. By
making reasonable approximations that capture many of the qualitative and quantitative
properties of protein folding processes, however, we can learn much, and a Go-type

model is such an approach.
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Figure 1-3: Two independent approaches to computationally study protein folding kinetics. In
the “bottom-up” approach, one starts from detailed quantum calculations of each residue of a
protein to develop parameters for use in a coarse-grained and simple energy function (left).
Simulations from this approach yields an energy landscape that is emergent from first principles.
Alternatively, if one can make a reasonable assumption about the energy landscape a priori, based
on broad experimental observations and analytical arguments, a model that captures the basic
principles of the energy landscape theory can be constructed. In the “top-down” approach,
chemical details are progressively added to the simplest model until it captures the underlying
physics to address the question at hand (right).

1.3 Perfectly Funneled Energy Landscapes: Go-type Models

Here, we describe a typical off-lattice C, Go-type model, as was described by

Clementi and coworkers (13). In the simplest variant, a single bead centered on the C,
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position represents a residue. Bond and angle potentials string together the beads to their
neighbors along the protein chain. The dihedral potential encodes the secondary
structure. The defining characteristic of a Go-type model is that the protein’s native
topology determines the network of favorable long-range tertiary interactions while all
other non-bonded interactions are repulsive. The Go-type model Hamiltonian for a

protein with configuration I is as follows (see also Figure 1-4):

HI,L,)=H, .  +H
bonds angles dihedrals

metbone = LK =17+ YK (0-6,)"+ Y K[1-cos(n(g - ¢,))]

native O.nat 12 O.n'dt 10 non-native O_non 12
_ E . i ij E .
Hnonbonded - & (I’J) 5 ¢ -6 + & (I’J) P

i L

backbone nonbonded

H

i<j-3 i<j-3 i,j

The K,, Ky, and K, are the force constants of the bonds, angles and dihedral angles,
respectively. The r, 0, and ¢ are the bond lengths, the angles, and the dihedral angles,
with a subscript zero representing the corresponding values taken from the native
configuration, I'j. The non-bonded contact interactions, Hyonponded, cONtain Lennard-Jones
10-12 terms for the non-local native interactions and a short-range steric repulsive term
for the non-native pairs, corresponding to a perfectly funneled energy landscape. We
chose as parameters of the energy function K,=100¢, Ky=20¢, K<p(l)=1.08, K, ®)=0.5¢. In
the homogeneous representation of inter-residue interactions, every native interaction
energy has the same value and thus €,=¢,=¢. The interaction energies can alternatively be
made sequence dependent by having the value of ¢,be dependent on the identity of the

interacting residues, i and j, and thereby introduce native energetic heterogeneity. o7 is
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the distance between the C, atoms of the residues (i,j) in the native configuration and
0™ =4.0A for all non-native residue pairs. The network of native contact pairs was
determined using the CSU (Contacts of Structural Units) software (25). Thermodynamic
quantities are readily obtained by collecting multiple constant temperature simulations
and analyzing them via the weighted histogram analysis method (WHAM). Despite the
simplicity of this model, it has proven to accurately reproduce many qualitative and

quantitative details of the folding mechanism. So, if one knows the final native state, we

can quantitatively describe the many different paths that the protein can take to get there.

Figure 1-4: A schematic reflecting the different terms that define a Go-model. The short-range
interaction terms include the bond, angle, and dihedral terms (a-c), which are defined by harmonic
wells whose respective minimum correspond to their values in the native state. The long-range
interactions between two residues that are in native contact (d) are described by a Lennard-Jones
type 10-12 potential.

1.4 Folding on Perfectly Funneled Landscapes

Since the introduction of off-lattice Go-type models, simulations of many
proteins have been carried out, and much has been learned about folding mechanisms. In
particular, many of the general features of the protein folding process are captured from
Go-type models. The unfolded and the folded states are separated by at least one free

energy barrier that corresponds to a transition state (Figure 1-5). When using appropriate
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reaction coordinates, the structure of the transition state can be characterized for
comparison to experimental observables. Further, Go-type models for many proteins
largely capture the rates of folding and the nature of any productive intermediate that may
exist in the folding process. A complete survey of the successes (and limitations) of Go-
type models would be very lengthy but we will highlight some of the major studies using

Go-type models.

Folded State

TSE
Candidates

Order

T T
K Unfolded State

fimesteps ————p — Free Energy -»

Figure 1-5: A typical trajectory from a Go-type model used in our studies (left) with the
corresponding free energy profile generated using WHAM (right).

The success of any model representing the protein folding process must be
measured not only by the qualitative observables but also quantitative ones as well. That
the pattern of folding rates of many proteins can be well-predicted by Go-type models
was demonstrated by a survey of many globular proteins undertaken by Takada and

coworkers (14). Clementi and coworkers showed that the models not only discriminated
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between two- and three-state folding proteins, but that the predicted structure of the
transition state and intermediates were similar to those that were observed experimentally
(13). When the structures of the transition state were characterized quantitatively by
calculating d-values, which is at a residue-level resolution, it was clear that a substantial
improvement in the agreement between simulations and experiments could still be made
(14). Clearly, the purely additive model is limited in reproducing the transition state, and
Plotkin and coworkers showed that the structure of the transition state as characterized
by ®-values agrees better with experiments when many-body interactions that implicitly
include the effects of sidechains and waters are included (17).

It is important to note that Go-type models are not limited to proteins with
compact geometry. While most Go-type simulations have been performed for globular
proteins, Ferreiro and coworkers showed that Go-type models of linear ankyrin repeat-
containing proteins also show remarkable success in reproducing and even predicting
experimental observations (26), demonstrating that the simple topology-based model
accurately captures the folding mechanism of these proteins just as well as that of
globular proteins. =~ While the models faithfully reproduced many experimental
observations of the ankyrin repeat proteins’ folding mechanism, perhaps their greatest
success in the study was the prediction of an intermediate in the case of Notch ankyrin
repeat domain that was later verified by experiment (27).

Despite the many successes, the simplest Go-type model cannot be expected to

be without limitations. As such, one can improve upon the simplest variant by



15

introducing complexity into the model so that the underlying physics is better
represented. We note two general directions that are not mutually exclusive. Karanicolas
and Brooks introduced a heterogeneous Go model with energies of the long-range residue-
residue interactions depending on the identity of the individual residues (28). Another
direction was to increase the chemical detail of the protein representation by involving

additional atoms (29, 30) or explicitly including water molecule interactions (31).



2. Identifying and Characterizing the Transition State Ensemble
Transition state theory (TST) is the simplest theory of predicting reaction rates
for chemical reactions dating to Wigner. In this well-known theory, two stable states (i.e.,
reactant and product) are separated by an ambiguous, unstable region of phase space
called the “transition state”. TST postulates that when a reactant crosses the transition
state once, the molecule continues to the product state without recrossing. The
assumption that later recrossing events often can be considered negligible seems quite
reasonable, as reflected by the robustness of the TST for predicting rates in gas phase
kinetics. In such situations, the transition state ensemble (TSE) corresponds to the free
energy barrier peak for an appropriately chosen reaction coordinate. TST as a general

concept is applicable to protein folding when it is a strongly cooperative process.

2.1 Transition State of Protein Folding

For natural proteins, the unfolded and folded states are usually separated by at
least one bottleneck or transition state. In protein folding processes, however, the
recrossing events are nontrivial because frictional effects, arising from the solvent
collisions, from dihedral angle barriers, and from forming adventitious non-native contacts,
can exert forces on the reaction coordinates that alter the direction of motion. A protein
may cross the transition state multiple times before reaching the folded state, as was

analytically predicted by Bryngelson and Wolynes and later observed in simulations.

16
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TST, therefore, overestimates the rate coefficient, which only counts the number of
forward trajectories, neglecting any recrossing events (Figure 2-1a). Frictional effects
grow as the glass transition from landscape ruggedness is approached. When friction is
large, the transition state generally does not correspond to the peak of the free energy
barrier (Figure 2-1b). There is much evidence, however, that real proteins are far from
this glassy limit. In the simplest case, folding kinetics can be interpreted using a single
transition state that separates the unfolded and folded states. Protein engineering allows
the structures in the TSE for these systems to be probed. In a strictly two-state
situation, the TSE would be reasonably defined by a single stochastic separatrix and
corresponds to that set of structures that have an equal probability of first completing the

folding process before unfolding to a completely denatured state.
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Figure 2-1: Schematics depicting two possible trajectories of protein folding: (a) a single crossing
of the transition state as predicted by TST on smooth landscapes and (b) multiple crossings of the
transition state in the limiting case of high friction due to ruggedness in a frustrated landscape.
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2.2 Ps,q as the definition of the TSE for Proteins

Motivated by this observation, the quantity P4 has been defined. It is the
probability that a given structure will reach a decidedly folded state before reaching the
unfolded state (32). For a protein that undergoes a two-state folding mechanism, the P4
of the TSE members should be 0.50. To compute Pg,q for a given structure, one starts
several independent trajectories at the folding temperature (Ty) from that structure until
the protein reaches either the unfolded or the folded state, and then one calculates the

appropriate average (Figure 2-2).

0
n
Ppyg = = 50
runs E, °
L E
° =
Pfo,d Evaluation: £ 100
Run n.,. independent
simulations of each TSE
candidate at T;. Y TS = %0
2) Calculate Py o '
3) TSE has Py, = 0.50=1//n, Trivial Example:
Nruns = 2 r"1‘o|d =1

P\, = 1/2 = 0.50

Figure 2-2: To ascertain whether a given structure is a member of the transition state ensemble,
one computes its Prq by running many independent simulations, each starting from the same
conformation. Its progress is monitored to see whether it reaches the folded state before reaching
the unfolded state. That probability is defined as P4, which is equal to 0.50 (within statistical
error) if it is a member of the transition state ensemble.
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While the concept of Pg,q is rather simple, unfortunately, it is computationally
intensive to evaluate. To be statistically meaningful, tens to hundreds of simulations
starting from each conformation are needed. Further, the simulation time required for a
single trajectory, starting from a candidate transition state conformation, to commit to
unfolding or folding can be longer than 100ns when using all-atom simulations with an
empirical force field (33). The parallelizable nature of the problem has motivated the use
of distributed computing approaches to carry out such computations (21). Even in the
most rigorous studies carried out so far, however, the computation of P4 is limited to a
rather small set of conformations. Computing Py, 4 also requires the precise knowledge of
T since Py, 1s highly sensitive to temperature (Figure 2-3). Determining the value of T¢
from simulations, however, is not always possible. In all-atom simulations of
proteins it has been seldom possible, if ever, to observe transitions between the folded
and unfolded states, even for the simplest proteins. Thus T¢ is uncertain for these models.
While approximating the folding temperature in a simulation with the laboratory value
from experiments for a well-studied protein (33-35) may be acceptable, an arbitrary

choice of temperature (36) is clearly inadvisable because the slightest deviation from Tt

can significantly misplace the TSE.
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Figure 2-3: The temperature sensitivity of Pg,q. The specific heat for the folding of c-src SH3
protein as a function of temperature in units of Tris shown with the average P4 of the same set of
structures with the same set of initial velocities at different temperatures.

A more troubling aspect of Pg, 4, beyond the practical burdens of computing it, is
that Pg)q does not have any direct relationship to the observables measured in
experiments or used to perturb folding thermodynamically. Presently, one can only
fantasize about the improvements in single molecule technologies needed to
experimentally measure Pg,4 for a given conformation because rigorously such a protocol
would entail the exact replication of the protein conformation for multiple trials (37).
Thus, although Py, 4 identifies members of the TSE in a strict sense, the severe practical
drawbacks of using Pg,q demand finding reliable alternatives without these handicaps.
Also, the appropriateness of Py, for proteins with complex mechanisms (i.e., with
intermediates) has not been quantified until now, and as we shall see presently in this

situation using Pg,4 has its own difficulties.
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Fortunately, for natural proteins it is possible to replace the kinetically defined
P1g With one or more reasonably accurate structurally defined reaction coordinates that
accurately predict and characterize the TSE. A key idea of energy landscape theory is
that this should be possible whenever the energy landscape is not very frustrated. One
study illustrating this was already carried out by Onuchic et al., which showed that
thermodynamic reaction coordinates predict the measurable structural features of a TSE
well when the landscape is strongly funneled by comparing directly computed ®-values
with those inferred from the TSE (38). In keeping with Bryngelson and Wolynes’s
theory, they also showed that that when the landscape is glassy or frustrated,
thermodynamic coordinates by themselves fail to describe the structural ensemble as
measured by ®-values (38). Thus general arguments and these specific results have
encouraged the use of calculating ®-values based on unfrustrated models (39, 40).
Simulations based on unfrustrated landscapes using native-structure based reaction
coordinates also predict many qualitative experimental observations of protein folding and
binding (2, 3, 13). The predicted folding rates of many small proteins agree well with
experimental observations (14, 15), and the ®-values usually agree with experimental
values (3, 17). Despite these successes and ignoring the capability of rate theory to use a
variety of reaction coordinates so long as the results are properly corrected by Kramers-
like transmission factors (12), some researchers have argued that structural reaction
coordinates like Q, the fraction of native contacts, are inappropriate for describing the

TSE even on unfrustrated landscapes (32, 41). They have argued a priori that structural
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coordinates like Q will fail to identify the transition state, even for funneled landscapes
(29, 42). Some further maintain that P4 is the only reliable reaction coordinate for real
proteins (43). Such extreme views conflict with numerous other studies showing that Q
gives acceptable results as a reaction coordinate for model proteins (37, 38, 44). Studies
on all-atom models show a clear correlation between P,y and Q (35). We should
recognize, however, that Q is not the only possible structural coordinate that can be used
for kinetics. Shoemaker et al. showed that reaction coordinates measuring only a handful
of contact areas function equally well, if they are chosen appropriately post hoc (45).
Alternative structural quantities have also been used as reaction coordinates. <L>, the
mean shortest path length has been reported to characterize the TSE better than other
order parameters (46). In general, the fact that the structures in TSEs as defined by Pgyq
are found to have high structural similarity to each other in at least one case (47), indicates
again that some a priori geometric measures should be sufficient for structurally
describing the TSE.

To address the issues highlighted above, we examine two experimentally well-
studied proteins that, in the laboratory, fold with a two-state folding mechanism (c-src
SH3 and CI-2) (13, 48, 49). We will quantify rigorously the accuracy of native structure
based reaction coordinates in describing the TSE as probed by ®-value analysis (50). The
TSE structures obtained using several different reaction coordinates are compared to the
one based on Pg,q. All these ensembles are found to be essentially the same in structure.

We then extend our study to a more complex system, where the concept of Py itself is
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suspect. In a system that is thermodynamically two-state but with a broad, asymmetrical
free energy barrier (3ANK), the folding mechanism was found to actually involve two
sets of competing folding routes. One of the transition states was indeed not detected
using Pg,q. Finally, we study a protein having a clear three-state folding mechanism (CV-

N). In this case, Pg,q fails to detect either of the appropriate transition states.

2.3 Structural Reaction Coordinates Identify and Describe the TSE as

well as P fold

For two-state proteins, if friction effects are small, the peak of the free energy
barrier, as described by the structural reaction coordinate, must reasonably correspond to
the TSE found using Py, 4. Structures in the TSE as predicted by the structural reaction
coordinate should have approximately equal probabilities to fold or unfold. To evaluate
whether the reaction coordinate Q in this sense reliably predicts the TSE, we simulated
the two-state folders c-src SH3 and CI-2. For these proteins, we also calculated the P4
of structures over a range of Q between the unfolded and folded states to determine which

values of Q correspond to the putative TSE, i.e., P, =0.50+0.10. Those structures

whose Q is 1 kgT from the barrier top of the free energy profile are considered to form
the “predicted TSE”. A free energy profile with respect to Q and its corresponding P4
(Figure 2-5a,b) shows that for both proteins, the peak of the barrier, as defined by Q,

corresponds to P, g = 0.50. That is, the TSE according to Q agrees reasonably well with
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the TSE according to Pg,q (Figure 2-5a,b). While Q, on average, is able to identify the
TSE, there do exist some structures in the Q ensembles whose Py,q lies outside of the

range P, =0.50x0.10 even though Q predicts them to be members of the TSE. To

assess whether these and similar outliers significantly taint the predicted TSE, we
compared the two TSEs using the Kolmogorov-Smirnov test (51), a well-established
statistical test that determines whether two overlaps distributions can be taken as subsets
chosen from the same underlying distribution. According to this test, the TSEs according
to Pgyg and Q are equivalent. We see then that in this exhaustive survey one cannot

distinguish these ensembles in terms of pair structural patterns.
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Figure 2-4: Structural order parameters selected for evaluation as reaction coordinates. The
radius of gyration, (R,) and fraction of native contacts (Q) are commonly used in the study of
protein folding kinetics. The average shortest path length (<L>) has recently been cited in the
literature as being better than Q. The measure of the structural overlap of the native distances (Qs)
is more precise than Q because it considers not only whether a native contact is made, it also
imposes a Gaussian penalty as the interactions becomes far from its native distance.

We now compute the experimentally accessible quantities, ®-values, according to
the four chosen reaction coordinates, Q, Qs, <L>, and R,, and compare them to the ®-
values of the TSE as defined by Py (Figure 2-4). To make a quantitative comparison
between the ®-values determined by Pg,)q and those predicted by the structural
coordinates, we used the linear correlation coefficient, r, and the slope of the best-fit line,
m (Fig. 10c,d). For both proteins, the ®-values as determined by the reaction coordinates

Q, Qs, and <L> agree strikingly well to those of the TSE described by Pgg with

correlation coefficients around 0.90 and 0.95 for c-src SH3 and CI-2, respectively. The
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slopes of the correlations are about 0.70 and 0.80, for c-src SH3 and CI-2, respectively,
indicating that the ®-values are slightly underestimated using these structural reaction
coordinates as compared with Pg,q. Evidently, there exist only minor differences between
the TSE as determined by Pg,4 or using any of the reaction coordinates studied that are
based on the protein native topology (i.e., Q, Qs, and <L>). R,, on the other hand,
generally grossly underestimates the ®@-values. <[> turns out to be at best comparable to
Q and Qg when describing the TSE via ®-value analysis, contrary to a previous
suggestion (46). The difference between Q and Qg is modest, as is reflected in their
equivalent characterizations of the TSE.

We compare the @-values observed from experiments to the ®-values as
determined by Pg,q and the structural coordinates. For c-src SH3, the correlation
coefficient between the experimental ®-values and the calculated ones with Q has been
previously reported to be around 0.60 (17). We found a correlation coefficient of 0.65.
In our analysis, the highest correlation coefficient is observed when the ®-values are based
on Pgq with r=0.70, but other reaction coordinates performed similarly well (Figure
2-5¢). We note that the difference between the correlation coefficients computed using
Piig and Q is 0.05. There is thus only a miniscule improvement of predictability when
using Pgq. The correlation between experimentally determined ®-values and those
obtained by simulating c-src SH3 using an all-atom model with an empirical force field,
where non-native interactions are considered, is only 0.74. That correlation would be

improved to 0.93 if the ®-values of the hydrophilic residues were excluded from
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comparison (33). Plotkin and coworkers have shown that the correlation between
simulated ®-values for CI-2 with experimental values is improved by including non-
additive energetic terms, which arise from solvent and sidechain effects (17). Of course,
such a non-additive model still corresponds to a perfectly funneled landscape. Our
simulation model is purely additive, so this is likely the best achievable correlation. The
agreement between the simulated ®@-values using reaction coordinates with experiment is
not precise. This lack of precision is found to be equally true for the ®-values coming
from the P,y TSE as well as the others (Figure 2-5f). Clearly, the source of disagreement
between the experimental and simulated ®-values is not the inadequacy of the reaction
coordinate, but rather the lack of non-additive energetic terms in the model. We note that
while supplementing the pairwise model with non-additive interactions increases the
correlation between experimental and simulated ®-values for many proteins, SH3 proves
an exception showing almost no effect on ®-values from increased non-additivity (17).
For both proteins, describing the TSE using Py, rather than any of the native-topology
based reaction coordinates results in no appreciable improvement of agreement with

experiment.
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Figure 2-5: Comparing the TSE obtained from Py and the structural reaction coordinates of
two-state folding proteins. (a and b) For both c-src SH3 (a) and CI-2 (b), the free-energy profile
using Q as a reaction coordinate is overlaid with the average Py of structures (with error bars
indicating 1 SD) over the range Q = 0.30-0.80. The putative TSE corresponds to Piq =0.50 + 0.10,
whereas the TSE predicted by Q is 1kgT from the peak of the free energy profile. (c and d) The ®-
values of the TSE as predicted by Q, Qs, <L >, and R, are compared with the putative TSE for c-
src SH3 (c¢) and CI-2 (d). (e and f) The simulated ®-values as calculated using the aforementioned
measures are compared with the experimentally observed ®-values for c-src SH3 (e) and CI-2 (f).
The correlation coefficient, r, and the slope of the best-fit line, m, are used for quantitative
comparisons.

2.4 Broad Free Energy Barrier Masks a Competition between Two-
and Three-State Transitions

We next used the same protocol for 3ANK folding. 3ANK is a designed ankyrin
repeat protein with three repeating subunits, each with an identical consensus sequence
(52). 3ANK is predicted by Q to fold by a two-state transition with a broad,

asymmetrical free energy barrier (Figure 2-6a). Again, we found that Pg,q=0.50
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corresponds to the Q at the peak of the free energy profile (Figure 2-6a). This is
remarkable considering that the free energy barrier ranges from Q=0.30 to 0.70 and the
peak lies far closer in Q to the unfolded state than the folded state. The ®-values
determined by the reaction coordinates Q, Qs, and <L> agree with those of the TSE based
on Pg, 4 (Figure 2-6b). Why is the free energy barrier broad? To answer this, we divided
the 3ANK in half and projected the free energy profile onto two coordinates, Qn_tem and
Qc.term, the fraction of native contacts of the N- and C-terminal halves. This approach
was motivated by the earlier predictions of Ferreiro et al. that the folding nucleus of
ankyrin repeat proteins corresponds to approximately 1 'z repeats (26). The resulting
free energy profile exhibits a competition between a N-terminal nucleating two-state
transition and a C-terminal nucleating three-state transition (Figure 2-6¢). In a recent
experimental study, a 3-ankyrin repeat protein with a similar sequence to 3ANK
exhibited equilibrium intermediates (3-state folding mechanism) at high temperatures but
not at low temperatures (2-state folding mechanism) (53). The discrepancy in the
observed folding behaviors can be rationalized by a competition of folding mechanisms

similar to that found in the simulations.



30

IIEER
, I=0.06, m=0. °
a) b) 1 L5 12092 M=0.77 * [
R r=0.76, m=0.55
3 i
S 3
o >
z i
0O 02 04 06 08 1
CI)'ValueS (Pf0|d)
c) d)
0.8 0.8
. TS e
5 0.6 506
= n
)
o 04 g 04
0.2 Aalee A 0.2

0.2 &4 06 0.8

0.2 4 06 0.8
& N-Term

N-Term

Figure 2-6: Comparing the TSE obtained from Pgq and structural reaction coordinates for
3ANK, a protein with a broad, asymmetrical free-energy barrier. (a) The free energy profile of
3ANK using Q as a reaction coordinate is overlaid with the average Py of structures (with error
bars indicating 1 SD) over the range Q = 0.30-0.80. (b) The ®-values of the TSE as predicted by
Q, QS, <L>, and R, are compared with the putative TSE. (c) The free energy surface projected
onto the N-terminal (Qncrerm) and C-terminal (Qc.rerm) halves of 3ANK with the unfolded,
transition, intermediate, and folded states indicated for the two competing nucleating routes. (d)
The two clusters of structures in the putative TSE (i.e., P ~ 0.50) are overlaid on the free energy
profile projected onto Qn.rerm and Qc.rerm.

How do we reconcile the complex mechanism that we can ferret out with multiple

structural coordinates, and also supported by experimental evidence, with an analysis
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using Pg,q? We clustered the structures with Pg,;;=0.50 according to the similarity
measure, q. This yields predominantly two sets of clusters. These clusters correspond
to either N- or C-terminus nucleation (TSy and TSc, respectively), again implying that
there are two parallel routes of nucleation in the folding of 3ANK (Figure 2-6d).
Unfortunately, these structural clusters correspond to the N-terminal transition state as
they should, but they only contain the first C-terminal transition state. There is no
indication from the TSE predicted by Py, of the second transition state along the C-

terminal nucleation route, although it clearly exists.

2.4 Ps,q Fails When There are Intermediates

To test fairly whether Pg,4 can identify folding through multiple transition states,
we simulated a protein that does not have competing pathways but has an intermediate
according to free energy profiles based on Q. We selected CV-N, a single-chain protein
composed of two domains with high sequence and structure similarity to each other.
Laboratory experiments have classified wild-type CV-N as a two-state folder yet a
mutation can stabilize an intermediate (54). Go model simulations of CV-N showed
previously a three-state folding transition with a high-energy intermediate (4). A two-
state folding transition occurs when the Go-model is constrained by disulfide bonds
present in the protein (4). For our test, we modeled CV-N without considering disulfide

bonds. The choice of a protein system with a high-energy intermediate allows a rigorous
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analysis of such an intermediate case with minimal computations. The high energy
intermediate is easily seen by projecting the free energy along Q, along with the Q of the
N- and C-termini and their interface (Figure 2-7a-d). The two domains depend upon one

another to fold.
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Figure 2-7: Comparing the TSE obtained from P and structural reaction coordinates for CV-
N, a protein that is simulated to fold with a three-state folding mechanism. (a) The free energy
profile of CV-N using Q as a reaction coordinate is overlaid with the average Pga of structures
(with error bars indicating 1 SD) over the range Q = 0.30-0.80. (b) The free energy profile is
projected onto the N-terminal (Qn-rerm) and C-terminal (Qc.rerm) halves of CV-N, corresponding to
the two domains in the protein. (c) The free energy profile is projected onto Qxrerm and the
interface between the two domains (Qiuter). (d) The free energy profile is projected onto Qc-rerm and

QInter-
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When we analyzed the region between the folded and unfolded states, Pg,¢=0.50
clearly corresponds to the intermediate and not to either of the transition states! The two
actual transition states are barely represented at all in the ensemble of structures with
P1q=0.50 (Figure 2-7a). It is easy to see that using Pg,q to identify and distinguish
multiple transition states is generally impossible. When an intermediate occurs in the
folding, there are three possible situations with regard to Py, (Figure 2-8). The first
possibility is that Pg,y will miss all of the transition states. The Pg,43=0.50 ensemble will
correspond to another part of the free energy surface, usually an intermediate, as is the
case of CV-N. The Pg,4 of the individual transition states never equal 0.50 but will have
higher or lower values. Sometimes the Pg,3=0.50 ensemble will corresponds to several
different transition states of the free energy surface. In this case, as illustrated by 3ANK,
one must use clustering algorithms to differentiate the chemically distinct TSEs. The very
meaning of the TSE must again involve other measures that capture this clustering.
Finally, in favorable situations the P;,3=0.50 ensemble will correspond to only a single
dominant transition state but will ignore others that may be important upon mutation. In
every case where the folding mechanism involves more than one transition state, we have
found that using Py, 4 alone cannot describe even the basic features of the folding process,
at least for a minimally frustrated system. We find it is much better to use direct

structure based reaction coordinates.
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Figure 2-8: A schematic depicting the three possible relationships between P4 and free energy
profiles for protein systems with two folding transition states.

2.5 “Minding your p’s and q’s” in Protein Folding Kinetics

Protein folding has long been viewed as being rich in complexities. With the

development of the energy landscape theory, our view of protein folding has, however,
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greatly simplified from the hopelessly complex one first presented by Levinthal’s
paradox. Because of their funneled energy landscapes, global structural measures of
similarity to the native state are quite adequate for describing the folding progression for
most natural proteins. Pgq may be used unambiguously to characterize a TSE for a
simple two-state folding processes, but it is unnecessary to carry out this expensive
procedure for the minimally frustrated case. The high computational demands of
determining Py,4 can be avoided by the use of native structure-based reaction coordinates.
These predict the TSE for minimally frustrated systems just as well as Pg,yy. Our study
shows that global reaction coordinates based on the native topology of a protein, such as
Q, Qs, and <L>, fully satisfy the criteria needed to accurately identify and describe of the
TSE. The ®-values of the TSE as determined by Pg,q and the thermodynamic reaction
coordinates are nearly identical. They are, therefore, equally accurate descriptors of the
TSE as probed by current experiments.

Understanding the folding of larger, more complex proteins, even if unfrustrated,
generally requires the use of several reliable reaction coordinates that can distinguish the
multiple transition states and/or parallel routes that are present in the folding process.
For such cases, no single global measure of protein folding progression will ever be
adequate. Thus even Py, 4, often invoked as the standard by which all reaction coordinates
should be judged, is itself still insufficient for describing even the qualitative features of
folding mechanisms when they are complex enough to have fine intermediates. Using

multiple, and possibly local, reaction coordinates and a reasonably intuitive understanding



36

of the principles of protein folding science, however, a complete picture of protein folding
can be obtained.

As we take a step back from our calculations, it is impossible not to marvel at
how simple protein folding actually is, at least in comparison to our fears. One must
keep in mind that the simplest protein folding processes are enormously complicated
chemical reactions involving very many degrees of freedom. Yet, evolution has led to the
global organization of the landscape of proteins into a funnel. The funnel concept allows
us to obtain much information about the folding process using only a few coordinates for
folding progression. Even the most complex folding processes found in natural proteins

seem to require only a handful of reaction coordinates.

Reprinted from:
Cho SS, Levy Y, Wolynes PG. P versus Q: Structural reaction coordinates capture

protein folding on smooth landscapes. Proc. Natl. Acad. Sci., USA. 2006, 103: 586-591.



3. Funneled Energy Landscapes for Binding Mechanisms

Funneled energy landscapes are now well accepted as the foundation for
unimolecular folding, but most proteins interact with partners in the cell. The dynamic
principles of protein association mechanisms are fundamental to protein networking,
protein function, and pathogenic aggregation. Once the basic principles have been
established, we may be able to design more stable complexes as pharmacological
inhibitors. The remarkable efficiency of organizing many partners to yield biological
functions strongly suggests a directed search in protein recognition processes that may be
analogous to folding of single proteins. Can the organization of proteins into complexes
be understood within the framework of the Funneled Energy Landscape Theory?

Recent work strongly suggests that we can indeed generalize the concept of
funneled energy landscapes to protein-protein association mechanisms as well. In fact,
there are already far too many examples of its application to protein-protein association
mechanisms to adequately describe here. Instead, we will briefly highlight a few notable
examples of studies using native topology-based (Go-type) models just to get a flavor of
how binding mechanisms can be accurately predicted from these simple models. As we
begin to explore more complicated systems, however, we cannot expect all binding
processes to be neatly described by simple, idealized funneled energy landscapes. As
such, it may be necessary to develop new paradigms beyond basic funneled energy
landscapes to understand association mechanisms. Even experimentally observed

behaviors that seem to contradict the Funneled Energy Landscape Theory must be

37
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addressed if we are to fully understand protein folding and binding mechanisms.

3.1 Funneled Energy Landscapes of Protein-Protein Assembly

Mechanisms

Protein recognition and binding, whether they result in either transient or long-
lived complexes, play a fundamental role in biology. To test the applicability of the
Funneled Energy Landscape Theory to oligomerization mechanisms, Levy and coworkers
surveyed the association mechanisms of many protein-protein complexes (2, 3). Just as
for single protein chains, a Go-type model that is globally directed towards the native
state was used, thus corresponding to a perfectly funneled energy landscape. The main
difference in the methodology is that the native state corresponds to the complex
structure, not the individual, isolated components. Simulations of oligomers can be
readily compared with experimentally observed mechanisms, such as whether a fine
intermediate is populated or, whenever possible, the structure of the transition state

ensemble as measured using protein engineering experiments.
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Figure 3-1: The structures and free energy surfaces of folding and binding of obligate, two-state
arc repressor dimer (a-c) and nonobligate, three-state LFBI transcription factor dimer (d-f). The
ribbon diagrams for the dimers consists of one monomer colored blue and the other colored grey.
Red lines indicate native contact interactions that define the interface. The free energy surfaces are
plotted as a function of the intramolecular native contacts (Qa and Qg) and that of the interface
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The mechanism of protein assembly can be experimentally characterized as
association that starts from unfolded subunits (two-state dimers) or folded subunits
(three-state dimers) (55, 56). Those proteins that were experimentally observed to reach
the native state cooperatively by a two-state mechanism were predicted by the Go-type
model to have a coupled folding and binding mechanism. In contrast, when the routes to
the native state involved an intermediate, the Go-type model predicted that the folding of
the individual subunits occurred first, which corresponds to the experimentally observed
intermediate, before then proceeding to the bound conformation, again in remarkable

agreement with experimental observations (2, 3). In general, Go-type model simulations



40

predict reasonably well many of the finer features of the binding mechanism, as reflected

by the prediction of ®-values that compare with experimentally observed values (3).
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Figure 3-2: The structure and oligomerization mechanism of p53 tetramer. The ribbon diagrams
for the tetramer (a) consists of a dimer colored two different shades of green and the other colored
two different shades of blue. Yellow lines indicate native contact interactions between the
monomers A and C or B and D, while red lines indicate native contact interactions between dimers
AC and BD. The four-dimensional free energy surface (b) is plotted as a function of the formation
of the dimers AC and BD and the tetramer interface (AC-BD). D and T refer to the folded dimer
and the folded tetramer, respectively. The ®-values for the transition state ensembles (TSEs) of
dimerization and tetramerization as compared with experimentally observed values.

The tetramerization of p53 is an ideal system to study via simulation because its
association mechanism has been extensively characterized via experiments (57). The
homotetramer is formed by two sequential steps: first dimerization of two unfolded
chains, which in turn further associate to form the tetramer. That is, the formation of the
dimers is coupled to monomer folding, while the association of already folded dimers
forms the tetramer. Consistent with experiments, formation of two dimers is obligatory
before formation of the tetramer and no trimeric state is observed (Figure 3-2b). A
quantitative comparison between the ®-values obtained via simulations and experiments

can be made at the dimerization transition state and the tetramerization transition state.
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Consistent with experiments, we find that the dimerization transition state has
significantly lower ®-values than that of the tetramerization transition state. Beyond a
qualitative agreement, however, the exact ®-values agreement is somewhat poor. The fact
that many negative ®-values are found experimentally suggests that the system is
energetically frustrated. Interestingly, Pande and coworkers studied the dimerization
reaction of the tetramerization domain of p53 using all-atom MD simulations that
includes non-native interactions (36), and the ®-values for the dimerization transition
state is qualitatively similar to those obtained by the Go-type model simulations. This
discrepancy thus remains puzzling, but may be related to energetic heterogeneity, as we
discuss later (See Chapter 5).

A particularly notable example that we highlight is the prediction by Levy and
coworkers that the binding process of HIV-protease dimer involves a thermodynamic
intermediate that corresponds to a monomer (58). That is, the monomer conformation
may be thermodynamically populated, strongly indicating that a new target for drug
design could be developed which by disfavoring the binding mechanism could prevent the

function of this key enzyme in the HIV life cycle.

3.2. Challenge to the Funneled Energy Landscape Theory?: Rop Dimer

Up to this point, we have highlighted the large amount of evidence that even the

simplest variant of the Funneled Energy Landscape Theory can suffice to quantitatively
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predict the folding and binding mechanisms of many proteins. As such, one expects that
the evolutionarily designed funneled energy landscapes of proteins robustly tolerate
changes in the sequence (i.e. mutations) to yield kinetically competent folders as long as
stability is maintained (1). Evidenced by structural studies of mutant proteins with single
substitutions, the general experience is that the effect of mutations is typically minor and
localized in structure. Some proteins even retain their global tertiary structure despite
extensive redesign of their hydrophobic cores (59). The large sequence space yielding a
single protein topology is well illustrated by the large families of structurally related
proteins, sometimes found with very little sequence similarity (59-61). Structurally
homologous proteins also sometimes have a conserved folding mechanism (35, 59), as
would be expected from funneled nature of their evolved energy landscapes. It might
seem that the folding and binding behavior of proteins is largely solved with little left to

explore. Yet there are some minor instructive anomalies.
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Figure 3-3: The structure of the wildtype Rop homodimer and the hydrophobic core redesign
strategy undertaken by Regan and coworkers. Ribbon diagrams of the Rop dimer are shown with
helices of the monomers colored blue and grey, and the turn region is colored orange (left). The
Rop dimer mutations were introduced by progressively replacing the wildtype residues in the
hydrophobic core with alanine and leucine residues from the middle layers towards the ends.
Among the longstanding experimental puzzles was the folding and binding
behavior of the Rop (repressor of protein) homodimer. Its function is to bind two RNA
hairpins in a key step regulating the replication of ColE1 plasmid in Escherichia coli.
Although it is unstructured in the free form, the monomers associate to adopt a helix-turn
helix structure finally resulting in an antiparallel coiled-coil four-helix bundle (62, 63)

(Figure 3-3). Regan and coworkers systematically redesigned the hydrophobic core by

mutating the “a” and “d” positions of the heptad repeats in its eight stacked layers (64-



44

66). The mutants were designed to differ in the number of mutated layers and the
positions of the mutations (Figure 3-3). Most of the mutants are designed to have two
residues with small side chains (as "a" residues) and two residues with larger side chains
(as "d" residues). A set of mutants was designed in which two, four, six, or eight of the
layers of the hydrophobic core were replaced by layers containing alanine at the "a"
positions and leucine at the "d" positions. In other cases isoleucine, valine, and
methionine were used to introduce a large side chain into the hydrophobic core instead of
leucine. The antiparallel packing of the Rop monomers dictates symmetrical pattern of
redesign of the core. Accordingly, redesigning layer 1 has to be accompanied with the
redesign of layer 8, and the same rule applies between layers 2 and 7 and layers 3 and 6.
Each of the mutants is named according to the identity of the residues at the "a" and "d"
positions of the repacked layers: for example, Ala,Leu,-6 has the six central layers
repacked with alanine in the "a" positions and leucine in the "d" positions. The "rev"
suffix refers to cases in which layers 2 and 7 have reversed pattern of packing (i.e., the
small and large residues are at the "d" and "a" positions, respectively) to mimic their
packing in the WT dimer. The main goal of the Regan group’s studies was to investigate

the effect of core packing perturbations on the stability of the protein and its kinetics, and

their results are summarized in Figure 3-4.
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Class No. Mutant Invitro activity Invivo activity T,,,°C AG®,kcal/mol Relative k; Relative k,  Structure (method)
I 1 WT Y Y 64 -1.1 1 1 anti (X-ray, NMR)
2 Ala,Leu,-4 Y P 68 -5.8 1.5 28 anti (in vitro activity)
3 Ala,Leu,-2 Y Y 72 <11 32 18 anti (in vitro activity)
4 AlayLeu,-3+6 Y o 72 -84 75 83 anti (in vitro activity)
5 Leu,Alay-2+7 Y — 85 -12.8 10 18 anti (in vitro activity)
6 Ala,Leuy-6-rev Y - 85 -103 85 6.7 x 102 anti (in vitro activity)
7 Ala,Leu,-8-rev Y N 91 99 92 27x 103 anti (in vitro activity)
8 Ala,Leuy-2+7 Y - 85 87 120 7.1x10% anti (in vitro activity)
9 Ala,Leu,-1+8 Y - 54 -6.3 160 1.1x 102 anti (in vitro activity)
10 Ala,Leu,-6 Y N 82 -8.1 310 3.1x 104 anti (in vitro activity)
11 Ala,Leu,-8 Y N 91 75 610 50x 104 anti (in vitro activity)
I 12 Ala31Pro P - - e - - bisecting U (x-ray)
I 13 Ala,Ile,-6 N N 83 -5.1 — — syn (x-ray)
14 Leu,Alay-8 N - — 128 — — —
15 Ala,Met,-8 N N 48 % N — - -
v 16 Ala,Val,-8 — - — — — — —
17 Ala,-8 — — <2 - — - —
v 18 Leuy-8 N N - - - - -

Figure 3-4: Summary of the kinetic studies of the Rop dimer and mutants with redesigned
hydrophobic cores. The Rop variants can be classified into five classes based on their folding
thermodynamics, binding activity, the dimer topology, and their folding kinetics. Based on the in
vitro activity, it was concluded previously that all the mutants in class I have the anti topology. The
folding rates of the Rop variants were measured at the same final fraction folded or unfolded. Class
II contains the A31P mutant of Rop dimer that adopts the bisecting U topology. Class III is
comprised of mutants that are highly a-helical; however, they completely lost their ability to bind
RNA. The structure of Ala,lIle,-6 is the syn topology. The mutants in classes IV and V are less stable
than the WT, and they do not bind RNA. Class IV is comprised of proteins which are underpacked
(only Ala,Met,-8 forms dimer), and Leuy-8 of class V is an overpacked protein that was suggested as
forming a tetramer. Y, Rop protein that binds RNA; P, partial active proteins; N, no activity; —, no
experimental data are reported.

This system is exceptional in that some of the mutants with the redesigned
hydrophobic core (class I) both fold and unfold faster than the wildtype protein (Figure
3-4); the kinetics of the mutants in classes II-IV was not studied. This behavior is in

conflict with the basic Funneled Energy Landscape Theory, where a single topology
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determines the kinetics. The increases in the forward and backward rates depend on the
number and position of the repacked layers in the core. For the mutant with all eight
layers repacked (Ala,Leu,-8), the folding and unfolding rates are accelerated by more than
two and four orders of magnitude, respectively. All of the mutants have similar CD
spectra to those of the wildtype Rop, and they all exhibit cooperative thermal
denaturation. Furthermore, the in vitro binding affinities of the mutants are comparable to

that of the wildtype.

WT Rop  Ala,lle,-6 A31P

Figure 3-5: The crystal structures observed for the wildtype Rop (left) and two of its mutants
(center and right). Ribbon diagrams of the Rop dimers are shown with helices of the monomers
colored blue and grey, and the turn region is colored orange.

To further complicate the issue, there actually exist two alternative crystal

structures sometimes found for the mutants. In one case, Ala-31, which is located in the

turn between the helices of each monomer, was replaced by a proline residue (A31P;
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Figure 3-5, right). The result is a dramatic conformational change that would not be
expected from a single amino acid substitution, resulting in a “bisecting U” topology.
This structure has been suggested to actually be a molten globule based on its
thermodynamic properties that include low stability and reduced ellipticity, as well as its
fluctuations in molecular dynamic simulations (67). A more dramatic change is found for
a redesigned mutant that consists of two alanine and two isoleucine residues in each of the
six central layers of the dimer interface (Ala,lle,-6). It folds to a stable and highly a-
helical structure, but has no ability to bind the RNA target of Rop. This is surprising
because Ala,Leu,-6, which only differs by having a leucine in the “d” positions instead of
isoleucine, does in fact show activity. The crystal structure of Ala,lle,-6 shows that the
mutant adopts the syn topology, a 180° flip of one monomer around an axis normal to the
dimer interface (Figure 3-5, center). The reorientation of the two monomers splits the

face formed by helices 1 and 1°, which is essential for RNA binding.

3.3 Double-Funneled Energy Landscape Resolves the Rop Dimer

Mystery

To study the folding and binding mechanisms of the wildtype Rop and the
Ala,lle,-6 mutant, we performed Go-type model simulations of each of the dimers. The
structures of the other mutants have not yet been determined to our knowledge. The free

energy profiles for the anti and syn topologies of Rop dimer were projected onto three
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reaction coordinates: two corresponding to the folding of each monomer and the third
corresponding to association (Figure 3-6a,b). The projected free energy surfaces for both
structures show coupling between monomer folding and association. Although these
plots show similar mechanisms for forming the anti or syn topologies, the binding free
energies of the syn topology is lower than that for the anti topology by about 1.6 kcal/mol
(Figure 3-6¢). That difference becomes more pronounced when we include three-body

interactions into our analysis (Figure 3-6d).
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Figure 3-6: The barrier for the folding of the anti and syn forms of Rop dimer. The folding
free-energy landscapes for the anti (A) and syn (B) topologies of Rop dimer are shown. The reaction
coordinates are the folding of the two monomers and the formation of the interface (i.e.,
association). U, an unfolded monomer; D, a folded dimer. The dashed arrow illustrates the
coupling between folding and association. (C). Two-dimensional free-energy profiles for the
folding and association of the two forms of the Rop dimer based on the additive native topology-
based simulations. The rates for folding and unfolding for each topological structure were
obtained from >1,000 events (using the additive model) that were fitted to a single exponential
decay. (D) The folding barrier height, AF’, as a function of o (the three-body contribution to the
contact energy).

Of the 17 mutants of Rop protein that have been studied in the laboratory, the
structures of only two mutants have been determined (Ala,lle,-6 and A31P). Structural

heterogeneity among the mutants would provide a framework for explaining the

pronounced speeding up observed for both folding and unfolding rates of some mutants.
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To check the assignment of a structure to each of the mutants, we threaded the sequence
of each Rop mutants onto the three already observed Rop structures: anti, syn, and
bisecting U topologies. Each resulting structure was minimized and simulated using
explicit water all-atom molecular dynamics simulations. The average rmsd values of the
backbone-heavy atoms of each mutant from its redesigned structure are shown in Figure
3-7. As expected, the sequence of the wildtype Rop displays a smaller rmsd for the anti
topology than the syn topology. For the sequence of Ala,lle,-6, a clear preference for the
syn topology is found. The rmsd values show lower values for some of the mutants of
class I when modeled as the anti topology, but for the remaining mutants, the rmsd values
are lower for the syn topology. The rmsd values of the designed mutants indicate the
possibility of a conformational switching for the Rop sequences. The mutants in classes
II-V consistently display lower rmsd values for the syn topology. A preference for the
syn topology for these mutants can explain the lack of their binding activity. We find
that the mutants Ala,Leu,-6 and Ala,Leu,-8, which belong to class I, also have lower
rmsd values when simulated starting from the syn form than they do from the anti form.
These mutants show binding ability to RNA in vitro but not in vivo. They also have the
highest folding and unfolding rates among the other mutants in class 1. The preference for
AlayLeu,-6 and Ala,Leu,-8 to adopt the syn rather than the anti topology would explain
their different thermodynamics and kinetics. The fast kinetics follows from the smaller
barrier found in this study for the syn topology. We note that the rmsd values of all of the

simulations starting from the bisecting U, regardless of sequence, were always found to be
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much larger than those obtained for the anti and syn forms.
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Figure 3-7: The average rmsd of each designed Rop mutant as anti and syn topologies in respect
to the x-ray structures of the WT and Alalle;-6 mutants. Each designed structure was simulated
with all-atom representation of the protein with explicit solvent model for S ns. To account for
different packing of the two monomers, the rmsd was calculated after superimposing a single
monomer. The arrows indicate the mutant classes as in Figure 3-4.

We thus have proposed that the mystery could be explained by a double-funneled
energy landscape where two native basins that correspond to two distinct but related

structures corresponding to the wildtype Rop and the Alaylle,-6 mutant (Figure 3-8).
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Arising from the near symmetry of the complexes, mutations can cause a conformational
switch to a nearly degenerate but distinct topology or a mixture of both topologies. The
topology predicted to have a lower free energy barrier height was further supported by
all-atom simulations to give a better structural fit for those mutants that exhibited extreme
folding and unfolding rates. Thus, the non-Hammond effects can be understood from
Energy Landscape Theory if there are two different and distinct structures of the Rop
dimer. In short, these topology-based models also were successfully used to not only
solve the Rop dimer mystery in protein folding but also add a new paradigm to folding

and binding mechanisms with a remarkable layer of complexity to the single funnel.
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Ala,Ile,-6

Figure 3-8: A schematic of a double-welled funneled energy landscape for Rop dimer and ribbon
diagrams of the wildtype Rop dimer and the Ala,lIle,-6 mutant. In these structures, one monomer is
colored gray, and the other monomer is colored blue. The loop between the two helices in each
monomer is colored orange. Residues Lys-3, Asn-10, GIn-18, and Lys-25 in helices 1 and 1', which
constitute the binding site to the RNA, are shown by stick representation.



4. Domain-Swapping and Protein Misfolding and Aggregation
Domain-swapping is an unconventional mechanism of oligomerization such that
the structural element, or a “domain”, of one chain is interchanged with a corresponding
element of its partner, resulting in an intertwined homooligomer. The intramolecular
interactions that would normally stabilize the monomer are thus “recruited” in swapping
processes. These now become intermolecular interactions and define the interface of the
complex (68, 69). Since the notion of domain-swapping was formally introduced by
Eisenberg (68), about 70 proteins with domain-swapped oligomers have been
characterized by X-ray crystallography and/or solution NMR. A domain-swapping
event is characterized by slow kinetics with a high activation energy barrier arising from
the many strong native interactions that must be rearranged. Early studies of domain-
swapped proteins suggested that prolines in the hinge region connecting the swapped
region with the main body of a domain-swapped oligomer could be important factors in
determining whether proteins can domain-swap (70, 71). Further analysis shows,
however, that this hypothesis cannot be generalized to all proteins that bind via domain-
swapping. Domain-swapped proteins are typically observed and isolated under high
concentration and low pH conditions (72), but in a growing number of cases swapping
has been observed under physiological conditions (73, 74). This has fueled speculations
about the role of domain-swapping in vivo. In particular, great interest has been generated
by the proposal that domain-swapping is a crucial part of the mechanism for amyloid

aggregation (75-77). Two amyloidogenic proteins, the human prion (78) and the human

54
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cystatin C (79), have been observed as domain-swapped dimers, suggesting that these
dimers may be the building blocks for fibers, at least in their nascent state (72, 75). The
underlying mechanism and the main determinant(s) of domain-swapping can be
understood in the context of the energy landscape theory. These insights may yield
valuable clues about the role of domain-swapping in oligomerization and aggregation in
Vivo.

At first glance, the domain-swapping phenomenon seems to present a
contradiction to the idea of a funneled energy landscape. Since domain-swapping involves
homooligomers, a direct outcome of there being a funneled energy landscape for the
monomer is that the very interactions that stabilize the monomeric conformation must
compete with symmetrically similar ones that provide corresponding intermolecular
interactions in the dimer. In other words, for any given residue i that is in native
monomeric contact with residue j, there is, at first sight, nothing to prevent the same
residue i from favorably interacting intermolecularly with residue j’ in its partner, since
the physico-chemical nature of the intramolecular interaction is the same as that of
intermolecular interaction. In principle, there is, thus, no reason why one region of the
protein should be more favored to swap than any other region. With many different and
potentially conflicting possibilities for intermolecular interactions, a frustrated energy
landscape generally results for the dimer. There would then be no preference for a single
domain-swapped configuration. Even if a single domain-swapped configuration is

somehow preferred at equilibrium, there would appear to be no guarantee that the most
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stable structure should correspond to the one observed in nature, which might be the
result of kinetic control. Therefore, a funneled energy landscape for monomeric folding
generally would seem to preclude the possibility of a perfectly funneled energy landscape
for oligomerization by domain-swapping. If this is the case, how do domain-swapping
proteins, with the potential for a frustrated energy landscape for oligomerization,

discriminate against alternatives to find their way to a unique swapped conformation?

4.1 Early Views of Domain-Swapping

It was observed, early on, from a survey of domain-swapping proteins conducted
by Liu et al. that there does not appear to be sequence homology between the swapping
domains that is common to all domain swapped proteins (72). Further, the secondary
structure cannot be a determining factor because the swapping region can range from a
single a-helix or B-sheet to an entire tertiary domain (72). One of the earliest and certainly
most prominent hypotheses concerning the determinants of domain-swapping was that
prolines play a pivotal role. This hypothesis was suggested largely because prolines
seemed to be prevalent in the hinge regions of some of the first observed cases of domain-
swapping proteins (70). The apparent line of thought was the following: The cis-trans
isomerization of prolines, which has a significantly lower energetic barrier than for other
natural amino acids, is the rate-determining step in the folding rate of some proteins.

Owing to this, prolines often play a critical role in the observed folding kinetics, giving
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rise to many long-lived intermediates (80). So, it was natural to suppose that prolines at
or proximal to the hinge of domain-swapping proteins could act as local signals that
would direct the global conformational change required to domain-swap with its identical
partner. Experimental support for this hypothesis came in the form of a mutational
study by Itzhaki et al., where it was found that two conserved prolines in the hinge region
of p13sucl, a domain-swapping protein, controlled the monomer-dimer equilibrium in
that system. Prolines made the hinge act like a “loaded molecular spring” that shifts
towards either the monomer or the domain-swapped conformation (71). Itzhaki et al. and
others suggested that prolines more generally would be levers by which naturally
monomeric proteins could be re-designed artificially to stabilize the domain-swapped
state. This is no doubt true. One might be tempted to go further, however, to posit that
prolines in the hinge region are the main determinant of how proteins naturally
oligomerize via domain-swapping.

To test this stronger hypothesis on a broader basis in the naturally occurring
proteins, we asked two questions: 1) Is the prevalence of prolines in the hinge region of
presently known domain-swapped proteins indeed significantly high? 2) Is the presence
of prolines in or near the hinge region obligatory to oligomerize via domain-swapping? To
analyze the amino acid residue prevalence in the hinge region of domain-swapping
proteins, we constructed two libraries: one of domain-swapped protein structures and
another of a nonredundant set of the PDB (i.e. no two proteins in the library have more

than 25% sequence homology). The purpose of the latter library is to provide a baseline
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containing the amino acid residue prevalences found in nature. Using PDBSelect (81), a
set of 1834 nonredundant proteins (188,388 total residues) each with less than 200 amino
acid residues was chosen, and the amino acid frequencies were calculated. The same
calculation was carried out for the hinge region of the library of domain-swapped
proteins. We used the same definition of the hinge region of domain-swapping proteins
as was introduced by FEisenberg (72). In that definition, the hinge loop is defined to
include those residues with a RMSD change in backbone ¢ and 1 dihedral angles of more
than 20 in the domain-swapped oligomer when compared to the corresponding angles
found in the monomeric configuration plus any residues in the same loop that connect

secondary structure elements.
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Figure 4-1: Evidence that prolines are not necessary as local signals to direct proteins to domain-
swap. (a) A comparison between the distributions of amino acid residue frequency in the hinge
region of domain-swapping proteins and a nonredundant set of the PDB. (b) The frequency of
domain-swapping proteins with a certain residue in the hinge region.

A comparison of the amino acid frequencies of the hinge regions of proteins with

the frequencies in the library of the nonredundant proteins (Figure 4-1a) shows that
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prolines are not any more prevalent in the hinges than are many other residues. We found
that the frequency of prolines in domain-swapping proteins (Figure 4-1b) is comparable
to other kinds of residues. In fact, only about 50% of domain-swapping proteins have
any prolines in their hinge region at all. In Figure 4-2, we show two examples of domain-
swapping proteins that do not contain prolines in their hinge regions (Figure 4-2a) and
two examples that have prolines in the hinge region (Figure 4-2b). In both of the
examples in Figure 4-2a, the molecules do possess prolines that are absent from the hinge
region, and indeed are distant from the hinge. For many domain-swapping proteins with
prolines in the hinge region (Figure 4-2b), as is the case of p13sucl, numerous prolines
can also be found dispersed throughout the sequence, again even at positions very distant
from the hinge region. There is, of course, no reason to challenge the contention that
prolines significantly control the monomer-dimer equilibrium in p13sucl. It remains
likely in our view that some proteins could be designed, by the addition of prolines, to
favor domain-swapping. However, the examples explicitly show that the presence of
prolines in the sequence does not dictate whether a protein oligomerizes into a domain-

swapped conformation.
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CV-N

LGKFSQTCYNSAIQGSVLTSTCERTNGGYN

KKYAKSKYDFVARNSSELSVMKDDVLEILD TSSIDLNSVIENVDGSLKWQPSNFIETCRN
DRROWWKVRNASGDSGFVPNNILDIMRTP TQLAGSSELAAECKTRAQQFVSTKINLDDH
IANIDGTLKYE

VPRLLTASERERLEPFIDQIHYSPRYADDE
YEYRHVMLPKAMLKAIPTDYFNPETGTLRI
LQEEEWRGLGITQSLGWEMYEVHVPEPHIL
LFKREK

LGGYMLGSAMSRPIIHFGSDYEDRYYRENM
HRYPNQVYYRPMDEYSNQNNFVHDCVNITI
KQHTVTTTTKGENFTETDVKMMERVVEQMC
ITQYERESQAYY

Figure 4-2: Examples of domain-swapping proteins and the proximity of the prolines to the
hinge region. The structures of domain-swapping proteins without (a; Eps8 and PrP) and with (b;
CV-N and p13sucl) prolines in the hinge region are shown in a ribbon representation, with each
monomer colored orange, or blue, and the hinge region colored green. The prolines found in the
blue chain are shown in a red space-filled representation. The sequences of the proteins are shown
below each structure, in which the prolines are colored red, the hinge region residues are colored
green, and the rest are colored blue.

To date, the primary strategy to engineer a protein to domain-swap has been to
modify the hinge regions via mutations, additions, or deletions. Two specific examples,
however, also highlight the need to look outside of the hinge region. Mutagenic studies of
BS-RNase demonstrated that Pro19, located in the hinge region, is not a significant factor
in the domain-swapping mechanism. Instead, Leu28, which is located outside of the

hinge region, shifts the equilibrium towards the domain-swapped dimer by stabilizing the
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interface (82). The sequences of two closely homologous proteins, the monomeric yB-
Crystallin and the obligatory domain-swapped dimeric PB2-Crystallin, differ by the
domain-swapped dimer having an acidic electrostatic repulsion between a residue in the
hinge loop and a residue in the main body of the protein that prevents the formation of
the monomer species (83). Clearly, the network of interactions as a whole, not just those
in the hinge region, must be considered in describing domain-swapping.

To rigorously test the hypothesis that prolines are the main determinant of
domain-swapping, we asked two questions: (I) Is the prevalence of prolines in the hinge
region of presently known domain-swapped proteins indeed significantly high? (II) Is the
presence of prolines in or near the hinge region obligatory to oligomerize via domain-
swapping? To answer these questions, we constructed two libraries: one of domain-
swapped protein structures and another set of non-redundant set of the PDB (i.e., no two
proteins in the library have more than 25% sequence homology). The purpose of the
latter library is to provide a baseline containing the amino acid residue prevalences found
in nature. A comparison of the amino acid frequencies of the hinge regions of proteins
with frequencies in the non-redundant proteins shows that prolines are not prevalent in

the hinges when compared to many other residues.

4.2 Symmetrized-Go Model for Domain-Swapping

To address the domain-swapping mechanism, we developed a simple model,

which we call the “Symmetrized-Go model”. As described before, the original Go model
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takes into account only contacts that exist in the native structure, and thus corresponds to
a perfectly funneled energy landscape. The Symmeterized-Go model allows each
intramolecular interaction found in the monomer conformation to favorably interact
intermolecularly, resulting in multiple funnels. That is, there is a perfect competitive
balance between intramolecular and intermolecular interactions. An important point to
note is that, in principle, this model allows any region of the protein to swap with its
partner and accordingly may serve as a tool to predict the domain swapped oligomeric
conformation of a given protein because we use only the monomeric conformation as
input. Each residue is described as a single bead, centered on the Ca position. The beads
in an intact protein chain are connected to adjacent beads by bond, angle, and dihedral
potentials.  Simulation of the resulting simplified model of a protein allows the
observation of slow conformational changes, and usually provides an accurate description
of the intermediate and transition states of the folding mechanism observed
experimentally. The network of favorable tertiary interactions is defined by the protein’s
native topology while all other non-bonded interactions are repulsive. In the
Symmetrized-Go potential for a two-chain system, each individual protein chain is
represented likewise using a series of single beads, each centered on the Ca position, and
the native monomeric configuration is still used to define the intramolecular interactions.
However, the Symmetrized-Go potential for the two chain system also contains
intermolecular interactions. In the symmetrized potential, the observed intramolecular

interactions of the monomer also introduce the favorable possible intermolecular
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interactions. No other interactions are introduced. This model can be readily generalized
to study aggregation. Indeed, this model had been previously used by Ding et al. to study
the aggregation of SH3 (84). This protocol introduces intermolecular energetic frustration
into the energy function, making it a predictor of not only the mechanism of domain-
swapping but also allows it to make predictions of the domain-swapped structure (if
unique) using only the monomer structure as input.

The energy function for the Symmetrized-Go potential for a two-chain system

(designated chain A and chain B) with configuration I can be written explicitly:
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The local backbone interactions are contained in Hyacipone, Which applies to both chains.

K., Kg, and K, are the force constants of the bonds, angles, and dihedral angles,
respectively. The r, 6, and ¢ variables are the bond lengths, the angles, and the dihedral

angles. The same quantities with a subscript zero represent the corresponding values
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taken only from the native monomer configuration, I'. The non-bonded contact
interactions, Hi,iachain @0d Hiperchain, cOntain Lennard-Jones 10-12 terms for the non-local
“native” intrachain and interchain interactions and a short-range repulsive term for the
“non-native” pairs. Strictly speaking, the “native” interchain interactions that result from
symmetrizing the intrachain interactions include not only interactions that are present in
the experimentally observed dimer (i.e. native), but also interchain interactions that are
not present (i.e. non-native or frustrated), which is why this is nontrivial model when it
comes to predicting the domain-swapped structure.

We chose as parameters of the energy function K,=100¢, Ko=20¢, and &;=¢,=¢.
Forming disulfide bonds is effectively irreversible. Such bonding interactions were
incorporated into the energy function by setting €;=10¢ or €,=10¢ for intramolecular or
intermolecular disulfide interactions, respectively. The secondary structure biases are set
as K¢(l)=8 and K¢(3)=0.58 if the residue was either a-helical or B-sheet in character
according to the DSSP definition (85) and K¢(l)=0.258 and K¢(3)=0.128 otherwise. Using
higher flexibility for all of the turns in the proteins allows for changes in the dihedral
angles of hinge regions without biasing any specific region of the protein to swap. ojj is
the distance between the pair of residues (i,j) in the native monomeric configuration and
60=4.0A for all non-native residue pairs.

A total of N native contact pairs for the monomeric conformation was determined
using the CSU (Contacts of Structural Units) software (25). Only native contact pairs

with sequence distance [i-j| > 3 were used because any three or four contiguous residues

already interact through the angle and dihedral terms. The 2N intramolecular interactions
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(N native interactions for each monomer) also define the 2N intermolecular interactions as
follows: for each i and ;j intramolecular interaction that is native in the monomeric
conformation we also define equal intermolecular interactions between i and j’=j. In total,
4N interactions are thus represented in the model. Therefore, there exists an energetic
competition as to whether the pair of molecules should make any given contact intra- or
inter-molecularly. Interchain interactions between helical residues where the sequence
distance |i-j| equals 4 were ignored because helical contacts are not expected to be
involved in swapping.

We performed constant temperature molecular dynamics simulations of the
protein systems with the Symmetrized-Go potential. We imposed an interchain center of
mass constraint Eqon=K(R-Ro)* that becomes effective only when R > Ry. The minimum

of the constraint, Ry, was set to the radius of gyration of the monomer conformation.

4.3 Domain-Swapping is Encoded in the Monomer Topology for Some

Proteins

The first clue to direct the search for a unifying view of the domain-swapping
mechanism is the somewhat tautological observation that the conformation of the
swapped subunits in a domain-swapped oligomer bears a striking resemblance to the
unswapped monomeric conformation (Figure 4-3a,b). Did evolution not only encode into
the sequence information to fold a protein into its monomeric conformation but also

instructions about whether it would oligomerize into a specific domain-swapped
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conformation? To ask whether the monomeric topology is sufficient for predicting how
proteins oligomerize via the domain-swapping mechanism, we applied the Symmetrized-
Go potential, which we described in detail in the last section. It is important to note that
this model’s formulation contains no information a priori that biases a specific swapping
region. Also, the model contains no information concerning the secondary interface, i.e.
there are no interactions corresponding to those new ones that would be formed upon
domain-swapping that are not represented in the monomer conformation. The latter
could potentially play a role in swapping. In principle, in the symmetrized model any
region of the protein can exchange interactions with its partner and nothing would
preclude even the possibility of there being multiple swapping regions. Does this energy
function discriminate the experimentally observed domain-swapped structure from the
energetic traps? If so, we can say that there already exists, encoded in the monomer

topology, sufficient information to intrinsically choose the swapping region.
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Figure 4-3: Application of the Symmetrized-Go potential to Eps8, a domain-swapping protein.
The contact maps and the corresponding structures of the monomeric (a) and domain-swapped (b)
Eps8 are shown. The represented favorable Symmetrized-Go interactions (c) include both the
intramolecular and intermolecular interactions that have been derived from the monomeric
conformation alone. The intermolecular interactions contained in the potential largely include the
same interactions that are found in the experimentally observed dimer conformation (green), but
there are also interactions that are not found in the experimentally observed dimer conformation
(black). The free energy plot with respect to the number of intramolecular (Qme.) and
intermolecular (Quer) contacts (d) shows only a single stable domain-swapped conformation with
an open-ended intermediate. The contact distribution plot of the minimum of the domain-swapped
conformation (e) is shown as well as a representative structure from that minimum.

When we applied the Symmetrized-Go potential to Eps8 (epidermal growth
factor receptor pathway substrate 8 SH3 domain), a domain-swapping protein, we found
that despite the energetically frustrated intermolecular interactions, the model led to
accurate prediction of the experimentally observed domain-swapped dimer as the most

stable conformation. From our simulations, we can plot a free-energy surface as a
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function of the order parameters Qg and Qpuer, the number of native intramolecular and
intermolecular contacts, respectively (Figure 4-3d). Q. indicates the degree of folding
of the two monomers and Q. indicates the degree of binding via swapping. At low
Quueer» We found three basins, corresponding to two unfolded monomers, one unfolded
monomer and one folded monomer, and two folded monomers. The basin with the
highest Qyy; corresponds to the fully swapped structure found via x-ray crystallography.
At intermediate Qyy.;, there is a basin corresponding to one swapped and one unswapped
conformation (i.e. partially domain-swapped intermediate). A contact probability plot of
the basin of the domain-swapped conformation (Figure 4-3e) shows that only the
interactions found in the experimentally observed domain-swapped dimer are statistically
favored. The other interactions, while favorable according to the symmetrized model, are
either seldom represented or are not found at all. Despite the energetic frustration that is
present in the model, only the experimentally observed domain-swapped structure is
found to be significantly populated. Since our initial study, Dokholyian and coworkers
have used the Symmetrized-Go model to predict the structures of many experimentally
observed domain-swapped structures (86). The energy landscape of domain-swapping
clearly consists of two funnels: one for folding and the other for oligomerization via

domain-swapping (Figure 4-4).
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Figure 4-4: A schematic representation of a double-welled energy landscape for domain-
swapping and ribbon diagrams of the monomer and domain-swapped conformations of Eps8.
One monomer is colored blue and the other is colored red.

4.4 Domain-Swapping is not Encoded in the Monomer Topology for

Other Proteins

We applied the Symmetrized-Go model to the 434 repressor, a well-studied
dimeric protein for which no evidence of a unique domain-swapped form has been found
to date. Just as with Eps8, we constructed a Symmetrized-Go potential from the
conformation of a single monomer (Figure 4-5a). The free-energy surface for the 434
repressor (Figure 4-5b) shows two domain-swapped basins, reflecting a frustrated
competition between the two states. This clearly contrasts with the free energy plot for
Eps8, which has only one domain-swapped basin. A contact probability plot of the two

basins yields two distinct domain-swapped structures (Figure 4-5c¢,d). One may note
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that these two swapped structures of the 434 repressor have a very similar number of

contacts but differ in the degree of folding of the monomer and the interface size.
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Figure 4-5: Application of the Symmetrized-Go potential to the 434 repressor, a dimeric protein
showing no evidence of unique domain-swapping. The represented favorable Symmetrized-Go
Interactions (a) for the 434 repressor are shown with the corresponding structure of the monomer.
The free-energy plot as a function of the number of intramolecular (Qu«.) and intermolecular
(Qutr) contacts (b) that was derived from our simulations shows two domain-swapped minima.
The corresponding contact distribution plots of the two minima from (b) are shown in (c) and (d)
as well as a representative structure from its respective minimum.

We further applied the Symmetrized-Go potential to CI2 (Figure 4-6a), a protein
that is found naturally as a monomer. While the wild-type protein is currently thought to

be intrinsically monomeric, Perutz and colleagues have engineered a domain-swapped
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dimer by the insertion of glutamate repeats in a loop within the protein (87). Similar to
our study of the 434 repressor, we observed multiple minima of swapped structures
when Q. 18 high (Figure 4-6b). Interestingly, the most stable of the minima had the
highest number of intermolecular native contacts, and the ensemble of structures for this
minimum (Figure 4-6¢) is similar to that structure found for the engineered domain-
swapped protein (Figure 4-6d). These observations indicate that further analysis of other
naturally monomeric proteins using the Symmetrized-Go potential can predict which
proteins might be most amenable to re-engineering into domain-swapping oligomers by
appropriate hinge mutations. We note that the observation of nonspecific domain-
swapping of monomeric proteins is not simply an artifact of our model. Oliveberg
observed “transient aggregates” at high concentrations that cause deviations from two-
state kinetics in protein folding (88), and we believe that they are the result of the
unstable domain-swapping we see in the Symmetrized-Go model. With multiple
possibilities for domain-swapping, the protein is observed only in the monomeric

conformation because of its higher specific concentration.
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Figure 4-6: Application of the Symmetrized-Go potential to CI2, a naturally monomeric protein
that has been artificially engineered to domain-swap via insertion of glutamine repeats. The
represented favorable Symmetrized-Go interactions (a) for CI2 are shown with the corresponding
structure of the monomer. The free-energy plot with respect to the number of intramolecular (Qunera)
and intermolecular (Quer) contacts (b) shows more than one domain-swapped minimum. The
corresponding contact distribution plot of the deepest minimum from (b) is shown in (c) as well as
a representative structure from its minimum. For comparison, the contact map depicting the
swapping and main regions of the engineered domain-swapped of CI2 is shown in (d).

4.5 Disulfide Bonds Can Overcome Topological Insufficiencies to

Undergo Domain-Swapping

We now turn our attention to two other proteins with known domain-swapped

structures: CV-N (Figure 4-7a) and the human prion (PrP) (Figure 4-8a). These have
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intramolecular and intermolecular disulfide bonds, respectively. CV-N has two
intramolecular disulfide bonds: Cys 8 - Cys 22 and Cys 58 - 73. The intramolecular
disulfide bonds of CV-N are important for the stabilizing the monomeric structure of CV-
N. They are also critical to the anti-HIV activity of CV-N (89, 90). The domain-
swapped structure of CV-N has been resolved by both X-ray crystallography (89) and
solution NMR (91). The introduction of mutations to CV-N changed the energy
landscape for folding to stabilize an intermediate (54). Our Go-model simulations of
wild-type CV-N as a monomer also revealed the existence of a high-energy intermediate.
We had initially thought that this result indicated an actual intermediate that was,
however, not able to be observed by current experimental techniques in the wild-type but
was stabilized by incorporating mutations. However, when we introduced disulfide
bonds into the topology of the Go-model, the high-energy intermediate was no longer in
the free-energy profile. Retaining the disulfides changes the mechanism of folding.

How does the inclusion of disulfide bonds affect the energy landscape for domain-
swapping? In the domain-swapped dimer conformation of CV-N, the disulfide bonds
remain oxidized, so the conformational conversion does not require a reduction of the
disulfide bonds. In Symmetrized-Go simulations of CV-N (Figure 4-7b) without
modifying the energetics of disulfide bonds to reflect their greater stability, the energy
landscape for domain-swapping is clearly frustrated (Figure 4-7c). However, once we
included the stronger intramolecular disulfide bonds into the topology of CV-N, we found

that the energy landscape for domain-swapping becomes effectively unfrustrated (Figure
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4-7d). A contact probability plot of the basin of the domain-swapped conformation
(Figure 4-7e) shows that only those interactions found in the experimentally observed
domain-swapped dimer are now favored, just as we saw in the case of Eps8. The
disulfide bonds not only act to stabilize the monomer conformation, but they also limit
the possible states that are accessible for domain-swapping. With the permanent

disulfide linkage, only one stable state becomes possible for the dimer.
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Figure 4-7: Application of the Symmetrized-Go potential to CV-N, a domain-swapping dimer
with intramolecular disulfide bonds. The structures of the monomeric and domain-swapped
conformations are shown (a) in a ribbon representation. The chains are colored green or purple,
and the cysteine residues are shown colored yellow in a space-filled representation. The favorable
Symmetrized-Go interactions of the domain-swapped dimers are shown (b). The free-energy plots
as a function of the number of intramolecular (Qu«.) and intermolecular (Qiner) contacts are
shown, both without (c) and with (d) the explicit inclusion of disulfide bond interactions, along
with a contact distribution plot of the domain-swapped basin (e).

4.6 Domain-Swapping an Early Step Towards Pathogenic Aggregation?

Despite much progress and study, the detailed mechanism for the conversion of
prions (PrP) from the normal cellular form (PrP®) to the infectious aggregate form (PrP>)

remains elusive. The structures of PrP® for several mammal proteins have been
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determined by solution NMR, and they all have the same basic monomeric structure,
consisting of three long a-helices and two short -sheet strands with a conserved disulfide
bond between Cys 179 and Cys 214 that bridge helices 2 and 3. A domain-swapped
dimer conformation of PrP was found experimentally in which there are intermolecular
disulfide bonds between Cys 179 in one monomer and Cys 214 of its partner, bridging the
helix 2 of one monomer with helix 3 in its partner (78). In contrast to the case of CV-N,
the conformational change of the PrP from the monomeric to the domain-swapped dimer
forms must involve the reduction of the intramolecular disulfide bond and subsequent
intermolecular reoxidation. The Symmetrized-Go simulations of the PrP (Figure 4-8a)
carried out without consideration of the disulfide bonds again revealed multiple
possibilities for domain-swapping (Figure 4-8b). It is only upon including effectively
irreversible intermolecular disulfide bonds that the energy landscape for domain-swapping
becomes topologically funneled (Figure 4-8c) towards the experimentally observed

domain-swapped state (Figure 4-8d,e).
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Figure 4-8: Application of the Symmetrized-Go potential to PrP, a domain-swapping dimer
containing intermolecular disulfide bonds. The structures of the monomeric and domain-swapped
conformations are shown (a) in a ribbon representation. The chains are colored green or purple,
and the cysteine residues are shown colored yellow in a space-filled representation. The favorable
Symmetrized-Go interactions of the domain-swapped dimers are shown (b). The free-energy plots
as a function of the number of intramolecular (Qu«.) and intermolecular (Qiner) contacts are
shown, both without (c) and with (d) the explicit inclusion of disulfide bond interactions.

The pivotal role of intermolecular disulfide bonds in prion aggregation has been
suggested both theoretically (92) and experimentally (93), but there is some disagreement
as to whether intermolecular disulfide bonds actually do occur in the large prion aggregate
(94, 95). While further study is clearly needed for a definitive answer, our present study
would provide a structural basis for obligate intermolecular disulfide interactions in prion
aggregation. If forming intermolecular disulfide bonds is critical for domain-swapping,
these interactions may at least be transiently represented in the early stages of prion

aggregation. The increase in local concentration of prion proteins caused first by domain-

swapping may trigger the further conformational changes required to form PrP%¢. We note



71

that this hypothesis does not conflict with the current understanding of the structure of
the PrP>° fiber (96) in which helices 2 and 3 of PrP*° and the disulfide bond between them
remains intact. It has not escaped notice that transient disulfide oxidation isomerization
and reduction, perhaps in different physiological compartments or conditions, would
greatly modify the kinetics of aggregate formation and fragmentation from the predictions
of simpler kinetic assembly models, which currently seem unable to account fully for the

quantitative details of in vivo pathogenesis (97-100).

Reprinted from:
Cho SS, Levy Y, Onuchic JN, Wolynes PG. Overcoming residual frustration in domain-
swapping: The roles of disulfide bonds in dimerization and aggregation. Phys. Biol. 2005,

2: S44-S55.



3. Native Structural and Energetic Heterogeneity in Protein Folding
It is now clear that many protein folding and binding mechanisms can be inferred
from the topology of the native state(s). Even crude topology-based measures, such as
contact order, provide rough estimates of the folding rates of two-state folding proteins
(101). Since many contacts form in the transition state ensemble, it further becomes
reasonable to simplify the model by replacing individual contact energies with an average
value, neglecting sequence variability. The resulting energy landscape is perfectly
funneled, but now encodes only the native topology (13). Such averaged contact energy
models predict the folding rate of proteins in many cases (15), even when the simple
contact order estimate is not very accurate (102). Many studies have shown that a wide
range of details of folding and binding mechanisms, such as whether specific intermediates
form or not is also correctly predicted by such native topology-based models in many
cases (2, 13). In some circumstances where seemingly minor differences of topology are
involved, even predicting mechanistic subtleties is possible (30). More quantitative
features about the structure of the transition state ensembles, such as the ®-values, are
also generally well-predicted by pure topology models (3, 14, 17), but at this level more
discrepancies appear (3). These discrepancies caution us that while the successes of pure
native topology-based models are impressive, one must examine the homogeneity
assumption that is made in topology-based modeling which averages the native contact

energies. In quantitative terms, can we determine when the homogeneity assumption will

78



79

suffice and when it will not?

5.1 Native Energetic Heterogeneity Cannot Be Ignored In Some Cases

Failures of the contact averaging approximation were first noted in studying
structurally homologous proteins with disparate sequences but essentially the same
topology. According to the averaging ansatz, even if such proteins are distantly related in
sequence, they should exhibit similar folding mechanisms because they share the same
native contact pattern. A striking example of the seeming validity of the averaging
approximation occurs in the folding of the src- and spectrin-SH3 domains, which both
have the same all-B topology. Even though they have low sequence homology (27%),
they are experimentally observed to exhibit very similar transition states, and this
behavior is also seen in simulations (42, 103). The structure of the transition state
ensemble is also robust to changes in environmental conditions for these systems (103).
Another example is provided by comparing the folding of acylphosphatase with the
folding of human procarboxypeptidase A2 activation domain. These proteins both have
similar o/f topologies and folding mechanisms while sharing only 13% sequence identity
(104), again indicating that the native topology suffices to determine the folding
mechanism. Other sets of proteins with nearly identical o/p topologies and low sequence
similarity, however, do sometimes exhibit different folding mechanisms, but this often

involves symmetry breaking between two essentially isomorphic folding routes (59, 105,
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106). The small differences of free energy between two possible routes can easily be
determined by just a few contacts. The most dramatic differences in the folding
mechanism for topologically equivalent proteins are seen in sets of all-a structural
homologues. For Im7 and Im9, both nearly identical 4 helix bundles, the folding
mechanism of Im7 involves a populated intermediate while Im9 folds by a two-state
manner, even though there is 60% sequence identity between the two proteins (107).
Interestingly, the main transition states still have similar ®-values (108). Recently,
Clarke and coworkers showed that the folding rates of a-spectrin repeats of similar
topology can vary over several orders of magnitude (109). While the native topology
clearly plays a critical role in the protein folding mechanism, these examples imply that
energetic weights of the specific residue interactions can sometimes be important as well.
The effects of energetic heterogeneity of the native interactions on the folding
mechanism have already been addressed using analytical energy landscape theory. Using
the free energy functional approach first developed by Wolynes and coworkers (39, 110),
Plotkin and coworkers found that introducing energetic heterogeneity to native
interactions in a minimally frustrated system lowers the free energy barrier until it
vanishes with a sufficiently large dispersion of native contact energies, and similar
behaviors were seen in simulations on lattices (111-113). The effects of contact
heterogeneity is very much analogous to the well known phase transition in the random
field ferromagnet (114). Sometimes, with sufficiently large dispersion of the native

contact energies, the ®-values becomes bimodal, with extreme values close to 0 or 1 (112,
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113). Recently, in the context of the o/} CI2 and the all-B src-SH3 domain, Suzuki and
Onuchic have shown that the structure of the transition state ensemble is robust and
insensitive to energetic details (115). We can directly compare the analytical results of

free energy functional approaches with those of native topology-based model simulations.

5.2 Homogeneous versus Heterogeneous Contact Energies in Funneled

Landscapes

We began our investigation of quantifying the role of native contact energetic
heterogeneity by comparing simulations of the simple homogeneously weighted C,
models to corresponding simulations having energetic heterogeneity based on the 20-letter
Miyazawa-Jernigan (MJ) contact potential (116). While this degree of heterogeneity may
be too large, it is similar to what is predicted by another more refined contact potential
(117). For linguistic simplicity, we will refer to these two variants, both describing

3

perfectly funneled landscapes, as “vanilla” and “flavored” models, respectively. As a
starting point, we surveyed several two-state folding proteins that have been studied
previously by both simulations and in the laboratory. We chose the all-o Lambda
Repressor, the o/f CI2, and the all-B src-SH3 domain. In all three proteins, the contact
energies in the flavored models seem evenly distributed, with no immediately obvious

clusters of either high or low energetic weights (Figure 5-la-c). To quantitatively

characterize the folding mechanism, we performed the weighted histogram analysis
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method (WHAM) to calculate theromodynamic quantities with respect to the order
parameter, Q, the fraction of native contacts. We recently showed the Q is one of several
simple structural reaction coordinates that captures the folding mechanism on smooth
landscapes, even for complicated folding mechanisms (118). In the case of the Lambda
Repressor and CI2, a decrease in the free energy barrier is observed (Figure 5-1b,c), as
predicted analytically (111, 112). We also note that the unfolded basin free energy
minimum occurs at a higher Q (the fraction of native contacts) in the flavored model that
in the vanilla model, while conversely the folded basin has lower Q. For src-SH3,
however, the free energy barrier does not change when the energetic heterogeneity is
introduced (Figure 5-1f). The ®-values of CI2 and src-SH3 derived from the simulations
of vanilla and flavored models are very similar to each other with correlation coefficients
greater than 0.70 (Figure 5-1h,i). In contrast, the ®-values for the Lambda Repressor
predicted by the vanilla and fully flavored models are essentially uncorrelated with each

other.
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Figure 5-1: The folding mechanisms of the all-a Lambda Repressor (PDB code: 1R69), the a/B
CI2 (PDB code: 2CI2), and all-B src-SH3 domain (PDB code: 1SRL). (a-c) The matrices of the
interaction energies in the vanilla and flavored native topology-based models are plotted below and
above the diagonal, respectively, with darker colors representing stronger interactions. The
corresponding native structures are also shown. (d-f) From simulations of the vanilla and flavored
models, the free energy profiles were generated with respect to the order parameter Q. (g-i) The ®-
values from the vanilla and flavored models are compared in a plot with a best-fit line.

A closer analysis of the transition state ensemble for the vanilla model reveals that
the folding nucleus consists of structured second and third helices with largely unformed
In contrast, the transition state ensemble of the

long-range interactions (Figure 5-2).

flavored model predominantly includes structured long-range interactions between the
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second and fourth helices (Figure 5-2). Oas and coworkers performed NMR
spectroscopy of seven alanine to glycine mutants of the Lambda Repressor, and their
limited observations indicate that the first and fourth helices are most populated in the
transition state ensemble, while the second, third, and fifth helices are less populated
(119). It seems that the flavored model agrees with the experimental results more than the

vanilla model, but a clear picture is not present in either simulations or experiments.
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Figure 5-2: The probability of a contact in the transition state of the Lambda Repressor, an all-a
protein, with the vanilla and flavored models.

To determine whether the short-range interaction energies are the source of the

discrepancy between the folding mechanisms observed in the vanilla and flavored models,
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we also studied an inhomogeneous model where only the contact energies of the short-
range interaction energies of the flavored model were changed back to those of the vanilla
model. Now, the free energy barrier becomes about the same as that for the vanilla model
(Figure 5-3a), but one still finds the poor correlation between the ®-values in this

partially flavored model and the homogeneous case (Figure 5-3b).
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Figure 5-3: The flavored model simulation of the Lambda Repressor, an all-o protein, with the
short-range interaction set at the vanilla interaction energies. (a) From simulations, the free energy
profiles were generated with respect to the order parameter Q. (d) The ®-values from the vanilla
and flavored models with vanilla short-range interaction weights are compared in a plot with a
best-fit line.

We also simulated several other representative all-a protein domains that we
selected from the CATH database (120) (CATH ID’s: 1v54EQ, 1f6vAO, and 1cy5A0).
We chose these proteins because they capture a diverse range in the degree of short-range
vs. long-range interactions, as well as helical content (Figure 5-4a-c). The contact map of

1v54E0Q contains mostly of relatively short-range interactions (Figure 5-4a) while 1cy5A0
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has a large number of long-range interactions (Figure 5-4c). 1f6vAO0 has an intermediate
number of long-range interactions (Figure 5-4b). Again, the energetic weights seem to be
evenly distributed across all the native interactions (Figure 5-4a-c). In all three cases, the
flavored model has a lower free energy barrier than does the vanilla model and the folded
basin has a lower Q for the folded model (Figure 5-4d-f). For 1f6vAO, the peak of the
free energy barrier occurs at a lower Q in the flavored model (Figure 5-4e). In each case,
the ®-values predicted by the vanilla and flavored models for these all-a proteins exhibit

no significant correlation.
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Figure 5-4: The folding mechanisms of three all-a proteins selected from the CATH database.
(a-c¢) The matrices of the interaction energies in the vanilla and flavored models are plotted below
and above the diagonal, respectively, with darker colors representing stronger interactions. The
corresponding native structures are also shown. (d-f) From simulations of the vanilla and flavored
models, the free energy profiles were generated with respect to the order parameter Q. (g-i) The ®-
values from the vanilla and flavored models are compared in a plot with a best-fit line.

5.3 Energetic and Entropic Fluctuations in the Folding Mechanism

The differences in the topologies of all-a and all-p proteins can be quantified by

the ratio of the number of long-range interactions versus short-range interactions
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(Niong/Nsors).  Three different peaks appear in the distribution of Njy,e/Ng, for the
nonredundant set of the PDB, corresponding to the all-a, o/f, and all-p topologies (Figure
5-5a). These peaks are also observed when proteins that have been shown to be two-
state folders are only included (Figure 5-5b). All-a proteins have proportionally the
lowest number of long-range interactions, because the intra-helical interactions stabilize
the secondary structure. For all-B proteins, numerous long-range interactions must form

between individual sheets.
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Figure 5-5: A comparison of the ratio between long- and short-range native interactions
(Niong/Nshort), in sequence, across the different secondary structural classes. (a) A histogram of the
long- and short-range interactions from a survey of the nonredundant set of the PDB. (b) A table
of well-studied two-state folding proteins with different number of residues, secondary structure
topology, and number of long- and short-range native interactions.

To examine the interplay between energetic and entropic contributions to folding,
we calculated the energy and entropy lost upon formation of native contacts for the

Lambda Repressor, CI2, and src-SH3 domain (Fig. 26). The energy, E(Q), can be readily
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calculated as a summation of the inhomogeneous energetic weights, ¢, of the native
interactions (i,f) for the native contacts made (Q;):

E(Q)= +E,,»EUQU :

Similarly, the entropy, S(Q), can be represented approximately as a summation of the

entropy (S;) lost upon forming native contacts in the context of an already partially

formed ensemble of structures:
S(0)=+2,,5:0;
A reasonable approximation to S;; can be found following Shoemaker, Wang, and Wolynes

(39). They suggested that initially the entropy lost in forming sequentially short-range

interactions can be approximated by the Jacobson-Stockmayer formula (121),
S, = +k, log[AV fi - j|%].

Assuming that the denatured protein can be modeled as a random flight chain, the

quantity

AV = (%H)MA%,

0
where At is the volume of the interaction range and /, is the persistence length. But
Shoemaker et al. also argued that if some structure is already formed, the entropy lost will
continue to make sequentially distant interactions and saturates to that of a typical
fluctuating segment of the chain, as introduced by Flory in the mean field theory of rubber

vulcanization (122). This yields:
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S, = +k, log[AV /(M/N)%],

where u is the number of contacts made and N is the number of contacts in the native
state. Interpolating between the two extremes, Shoemaker et al. arrived at the following
mean field approximation to the contact entropy loss in a partially structured folding

ensemble:
S, =+kyg log[AV /(|i—j|_% + (u/N)%)],

The resulting free energy functional takes the form:

F(Qz:/‘(“)) = E £,0; (1) + T(E S,0;(w) +i E(&SU(“%L,)éQU (w)+ Nlog(v)]

i w=1ij

+T(E 0, log(Qij (M)) + (1 B Qij(tu))l()g(l -9, (M)))

where 5Q,;/(M') = Qu(,u') - Q,(u'—l), and the final term accounts for the different ways of

u
forming a contact in a partially ordered protein. The entropy lost as the chain goes from
the unfolded to folded states is estimated as Nog(v), where v is the number of
conformations per residue. This is essentially the free energy function of an
inhomogeneous field Ising magnet. The inhomogeneity contains both an entropic and

energetic part.
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Figure 5-6: The entropy and energy lost from the formation of native contacts for all-a (red), /B
(green), and all-§ (blue) proteins. Shown are the (a) entropy and (b) energy, as well as the variance

of the (c) entropy and (d) energy, all plotted with respect to the order parameter, Q.

When the mean-field expressions for the energy and entropy of ensembles from

the simulations are stratified with respect to Q, both the entropy and energy, on average,

are nearly linearly related to Q (Figure 5-6a,b) for both proteins. On the other hand, the

fluctuations, as quantified by the variance, of the entropy costs of forming contacts

(<88%>) at a Q value and energies of the formed contacts (<d&”>) show different trends
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for each protein topology (Figure 5-6¢,d). By comparing the quantity <d85”>/<d¢”> at
the transition state for each of the proteins, we can quantify the which of the two
contributions to the “random” fields will dominate the pattern of contacts formed. The
ratio determines whether the entropic or energetic fluctuations dominate the folding
mechanism. A high (low) value indicates that entropic (energetic) fluctuations determine
the structure of the transition state ensemble. It is noteworthy that the ratio
<88>/<de’> is strongly correlated with the abovementioned Niong/Nshors With a
correlation coefficient of 0.90 (Figure 5-7). Therefore, for a protein with a high number of
long-range contacts (e.g., all- protein), the entropic fluctuations will tend to dominate the
folding mechanism, while for proteins with a low number of long-range contacts (e.g., all-a
protein), the folding mechanism should be susceptible to energetic fluctuations, if we

follow the free energy functional of Shoemaker et al.
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5.4 When Energetic Heterogeneity Plays a Significant Role

The above observations suggest the sensitivity in the ®-values to the energetic details
between the vanilla and flavored models depends largely on the value of <dS°>/<de”> for
each protein system. To confirm this, we studied a series of models where <d&”> is

varied over a range, but <65°>, of course, remains constant for each given protein
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topology. We expect that once <d&> increases sufficiently (and thereby decreasing
<857>/<8¢’>), large deviations in the ®-values from those of the homogeneous vanilla
model will occur. Using this reasoning a key simulation test of the theory becomes
possible: in the simulation world (if not in the laboratory!), we can design an all-p
protein, such as the src-SH3 domain, to have a transition state ensemble that is sensitive
to energetic fluctuations, like an all-a protein, by using an unrealistically large variation in
the native contact energy.

To construct models with varying <d&’>, we studied variable sets of inter-

new

residue energetic weights, &",

which can interpolate between the vanilla and the flavored

models and that can furthermore extrapolate past the usual flavored model in energetic

heterogeneity linearly: " = X(si,MjJ - ‘_EMJ) +e" . Here g is the original MJ weight for a

given residue pair (i,)), ¢ is the mean value of the entire set of MJ weights, and y is a
parameter that can be varied. The value of ) equal to 0 and 1 corresponds to the vanilla
and flavored models, respectively. Values of x between O and 1, inclusive, have
distributions of energetic weights with the variance (Jd¢) ranging from 0 (i.e., vanilla
model) to that of the fully flavored model. The variance can be increased even further by

choosing values of y greater than 1.
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Figure 5-8: Flavored model simulations of src-SH3 domain protein with a range of distributions
of the Miyazawa-Jernigan contact energies. The free energy profiles (a) and ®-values (b) are shown
for simulations using the varying parameter, y, in a range where the folding mechanism does not
change significantly. The free energy profiles (c) and ®-values (d) are shown for simulations using
the varying parameter, o, in a range where the folding mechanism does change significantly.

For the all-f protein, src-SH3 domain, we first calculated the free energy profile and the
®-values over the range of ) between 0 and 1 (Figure 5-8a,b). Very little difference is
observed between the results of the vanilla and flavored models, as well as the

intermediary models. However, when y is increased past 1, the free energy barrier begins

rapidly to decrease while the unfolded state becomes more structured and the folded state
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becomes less structured, as is seen for all-a proteins (Figure 5-8c). The free energy barrier
height decreases with increasing ) until the free energy profile contains only a single
minimum, corresponding to a downhill folding scenario (123). While this physically
unrealistically regime cannot be achieved in the laboratory, these general trends agree with
the arguments based on the free energy functional of a f§ protein with enhanced native
contact heterogeneity (112). Also, a marked difference in the ®-values exists (Figure
5-8d), as was seen earlier only for the all-a proteins. Therefore, with a sufficiently large
<d¢”>, albeit in an unrealistic regime, the entropy costs intrinsic to forming the topology
of the protein are no longer the sole significant factors in folding. Therefore, with a
sufficiently large <d¢™>, albeit in an unrealistic regime, the entropy cost intrinsic to
forming the topology of the protein are no longer the sole significant factors in folding.
The correlation between the ®-values of the vanilla as compared to those of the various
flavored models disappears at a lower value of ) in the Lamda Repressor than the src-
SH3 domain (Figure 5-9a). In both proteins, the ®-values of the flavored models remain
close to that of the vanilla model if <85°>/<d¢”> is greater than around 0.20 (Figure

5-9b).
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Figure 5-9: The dependence of the correlation between the ®-values of the vanilla model versus
the flavored models, r, with a range of y (a) and <6S2>/<6¢2> (b) for the all-o. (1R69; red) and all-
B (1SRL; blue) topologies.

Reprinted from:
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6. Looking to the Future

It is exciting to be a biophysicist these days. The sequences of entire genomes
have been mapped, new biomolecular structures are resolved at an incredible rate, and the
basic framework of how proteins fold is now well established. In our present work, we
clearly demonstrated the simple elegance of protein folding within the framework of the
Energy Landscape Theory. Indeed, simple measures are often sufficient to describe the
intricacies of protein folding mechanisms. Even seemingly complicated oligomerization
mechanisms, like domain-swapping, are well-described within the Energy Landscape
Theory. The protein folding problem seems largely solved, at least for the simplest and
idealized cases.

So where do we go from here? While the big picture of protein folding is likely
solved, there are still many important exceptional questions that have yet to be resolved.
There are still important details that we must know about the mechanisms of large protein
complexes, the assembly of aggregates, and the interactions of proteins with other
biomolecules. Also, how do natively unfolded proteins fit into the Energy Landscape
Theory, if at all? Taking a step back, it is also important to note that much of the efforts
of biophysicists until now have been focused on the individual components of the cell,
but how they fit together in vivo is still far from being understood. It is clear that the next
frontier is to address how they interact with one another in the cell to yield biological

functions. And I look forward to see how it will all unfold!
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